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ABSTRACT 

Osteoarthritis (OA) represents one of the most pervasive degenerative 

joint diseases worldwide, characterized by pain, swelling, and progressive 

functional decline. Current therapeutic approaches largely focus on symptom 

management rather than the underlying biological mechanisms driving tissue 

degeneration. Within this therapeutic landscape, bone marrow aspirate 

concentrate (BMAC) has emerged as a promising orthobiologic, capable of 

leveraging the body’s own regenerative and anti-inflammatory potential. 

Composed of platelets, growth factors, cytokines, and mesenchymal stem cells 

(MSCs), BMAC functions as a point-of-care biologic that simultaneously delivers 

multiple therapeutic agents within a single injectable. Despite its widespread 

clinical use, however, the proteomic underpinnings that define BMAC’s 

therapeutic efficacy remain poorly characterized within the literature. 

This project seeks to address that gap by combining the principles of 

proteomics and data science to explore BMAC as both a biological and 

computational system. From a biological standpoint, the composition of BMAC 

varies according to patient specific factors such as age, sex, body mass index 

(BMI), smoking status, and the anatomical site of harvest in addition to 

procedural differences. From a computational standpoint, these variations 

manifest as a high-dimensional dataset in which biological patterns are often 

non-linear, multivariate, and subtle. The central premise of this work is therefore 

that data-driven modeling provides a necessary and scalable framework to 
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uncover the latent biological structure that traditional univariate analyses often 

struggle to capture. 

The long-term goal of this project is to establish a proteomic and analytical 

framework that enables clinicians and researchers to characterize BMAC in a 

reproducible, quantitative, and accessible manner. The short-term objective is to 

examine whether BMAC samples derived from different anatomical regions, 

specifically the iliac crest and humeral head, exhibit distinct proteomic profiles 

that are further modulated by patient demographics. To test this hypothesis, 

BMAC samples were analyzed using high-throughput antibody microarray 

technology, allowing for semi-quantitative measurement of 109 biomarkers 

across cytokines, chemokines, and growth factors. The dataset produced from 

these analyses forms the foundation for downstream inferential statistics and 

machine learning. 

Within this framework, probabilistic reasoning, statistical inference, and 

machine learning converge to create a rigorous and reproducible method for 

disentangling variability within patient-derived biologics. The application of these 

techniques enables the identification of latent protein networks and interaction 

signatures that might otherwise remain obscured in conventional univariate 

analyses. These computational approaches do not replace biological 

interpretation but rather extend it, providing a scaffold upon which biological 

meaning can be quantified and compared across diverse patient populations and 

clinical contexts. 
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The implications of this work are therefore twofold. Biologically, it provides one of 

the most comprehensive proteomic characterizations of BMAC to date, revealing 

how anatomical source and patient demographics contribute to the underlying 

protein composition of this therapeutic. 

Ultimately, this work seeks to make the study of BMAC transparent, 

quantitative, and clinically meaningful. By embedding the analysis of biologics 

within a data science framework, this work contributes to the growing field of 

personalized regenerative medicine. 
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Chapter 1: 
 

Introduction to Bone Marrow 
Aspirate Concentrate 
 

1.1 Bone Marrow Aspirate Concentrate Overview 

Osteoarthritis (OA), is defined by the World Health Organization as a 

degenerative joint condition characterized by pain, swelling, and stiffness; the 

entire joint and its surrounding tissues are often affected. OA predominately 

affects the knees, followed by the hips, spine, and hands.1 While it is most 

prevalent in adults over the age of 55, the pathology often manifests as early as 

the late 40’s to mid-50’s, resulting in progressive pain and functional decline.2 

Current treatment options remain limited and usually focus on symptom 

management rather than the underlying pathology. 

In this therapeutic landscape, bone marrow aspirate concentrate (BMAC) 

is what clinicians may describe as having incredible therapeutic potential. Best 

described by Lisa Fortier, BMAC is, “a point of care treatment which both 

uniquely and simultaneously delivers growth factors, anti-inflammatory proteins, 

and mesenchymal stem cells in a single-injectable orthobiologic”.3 This 

combination of constituents is what makes BMAC uniquely suited to target not 

just the core pathologies of OA, but also tackle the broader landscape of 

cartilage repair across many other forms of musculoskeletal defects. BMAC’s 
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therapeutic potential is rooted in several intrinsic properties: it is an autologous, 

immunologically safe product that can deliver innate anti-inflammatory molecules 

like interleukin-1 receptor antagonist (IL-1Ra), a plethora of tissue-stimulating 

growth factors, and mesenchymal stem cells (MSCs) with their own profound 

immunomodulatory and regenerative properties. Within the expanding field of 

orthobiologics, BMAC represents an excellent therapeutic that leverages the 

body’s own regenerative and anti-inflammatory machinery. 

1.2  Synergistic Characteristics of Bone Marrow Aspirate Concentrate 

BMACs unique regenerative properties are the result of several key features 

such as platelets, anti-inflammatory molecules and growth factors, in conjunction 

with mesenchymal stem cells work together to form a sum which is greater than 

its parts, in this section we will take a deeper look into what each of these 

components contributes (Fig 1.1):  
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Figure 1.1 Properties of BMAC: Key characteristics of BMAC as a therapeutic include growth 
factors, progenitor cells, and anti-inflammatory molecules. Created in BioRender. Jedlicka, S. 
(2025) https://BioRender.com/d69r683. 

 

1.2.1 Anti-inflammatory Properties  

The interleukin-1 family contains three members, IL-1α, IL-1β, and IL-1Ra; 

IL-1 is described to have an outstanding reach, affecting almost every type of 

cell, and done so in conjunction with other cytokines and mediator molecules. IL-

1 is regarded as a highly inflammatory cytokine whose range between toxic and 

therapeutic is narrow at best. Fortunately, there are a series of innate biological 

regulation processes which seek to keep the proinflammatory IL-1α and β in 

check. The first major control is the presence of two receptors (IL-1R1 or IL-1R2) 

which can accept IL-1α and β signal molecules; despite two receptors, only IL-

1R1 will elicit a downstream signal cascade. IL-1R2 simply acts as a decoy due 
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to lacking the cytosolic component required for signal transduction, thereby 

diluting the pool of available signal molecules. The second major control comes 

from interleukin-1 receptor antagonist (IL-1ra, IRAP). IRAP acts as a competitive 

inhibitor which attempts to outcompete IL-1α and β for available IL-1R1 binding 

domains.4–6 This signal pathway has been summarized in Fig 1.2 modified from 

Kaneko et al.7  

 

Figure 1.2 IL-1 Receptor Mechanism: Interleukin-1 receptors and inhibitors for IL-1 signaling. Il-
1R1 and its co-receptor IL1-R3 (IL-1RAcP) interact with both IL-1α and β for signal transduction. 
IL-1Ra can bind solely to IL1-R1 to inhibit IL-1 signaling. IL-1R2 is a decoy receptor that lacks the 
cytosolic component for signal transduction.7 Extracellular Leaflet (ECL). Created in BioRender. 
Jedlicka, S. (2025) https://BioRender.com/c0lzlnt 

The anti-inflammatory properties of BMA and BMAC can be greatly 

attributed to the innately high presence of interleukin-1 receptor antagonist (IL-

1ra, IRAP). IRAP’s anti-inflammatory properties are so notable, that there are 

several commercial systems available to essentially farm IRAP. This process 
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typically involves incubating blood samples for 8 to 24 hours to induce enhanced 

IRAP production in the local monocyte population. These kits have shown 

promise as far as reducing the Visual Analogue Scale (VAS) and the Western 

Ontario and McMaster Universities Arthritis Index (WOMAC) scores of OA 

patients whose knees were injected with the isolated IRAP protein. Despite the 

promise of these kits, they remain unapproved as a treatment by the Food and 

Drug Administration (FDA) because they are considered to manipulate blood 

outside of the body.3  

Interestingly, the native concentrations of IRAP found in both BMA and 

BMAC are an order of magnitude greater than what is obtainable via these kits. 

Specifically, the amount of the IRAP these kits can produce is only a fraction of 

what is intrinsically found in bone marrow. Consequently, both BMA and BMAC 

represent exceptionally potent sources of the anti-inflammatory IRAP protein.  

1.2.2 Platelets and Growth Factor Delivery in BMAC 

Platelets are anucleated cytoplasmic fragments derived from megakaryocytes 

that play essential roles in hemostasis, inflammation, and tissue regeneration. 

Within BMAC, they act as mobile storage and delivery units for a myriad of 

growth factors, cytokines, and chemotactic molecules. Upon activation, platelets 

release α-granule contents containing transforming growth factor-β (TGF-β), 

insulin-like growth factor (IGF), platelet-derived growth factor (PDGF), fibroblast 

growth factor (FGF), vascular endothelial growth factor (VEGF), and epidermal 

growth factor (EGF), among others.8,9 
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These signaling molecules orchestrate tissue repair by stimulating 

angiogenesis, fibroblast proliferation, and extracellular matrix remodeling, while 

also attracting mesenchymal progenitor cells that can differentiate into 

osteoblasts, chondrocytes, and fibroblasts. Compared with platelet-rich plasma 

(an alternative orthobiologic), BMAC exhibits similar platelet concentrations but 

contains a higher leukocyte fraction, which may further support a regenerative 

microenvironment through immune modulation rather than excess inflammation.3 

The growth factors released from platelet α-granules and other marrow 

constituents exert diverse effects ranging from tissue repair and maintenance to 

immune modulation and cell-cycle regulation. The key growth factors include 

platelet-derived growth factor (PDGF), vascular endothelial growth factor 

(VEGF), transforming growth factor-β (TGF-β), fibroblast growth factor (FGF), 

insulin-like growth factor (IGF), and epidermal growth factor (EGF).3 Their 

primary biological roles are summarized as follows: 

PDGF – The primary mitogen (cell division signal) for connective tissue cells; 

PDGF is released by platelets at the site of an injury, resulting in fibroblasts 

and smooth muscle cells to migrate and populate the injury site before 

proliferating and producing new matrix for tissue repair.10,11  

VEGF – The master regulator for angiogenesis (new blood vessel formation). 

VEGF stimulates the cells lining the blood vessels to initiate proliferation and 

migration, while also increasing the vascular permeability of the existing blood 

vessels to increase the production of new blood vessels.12 
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TGF-β – Key modulator of cell proliferation, metabolism, and differentiation. 

TGF-β has the capacity to prevent autoimmune responses by suppressing 

immune cell activation. It is also able to act as a tumor suppressor to inhibit 

cell division and during embryonic development it is responsible for promoting 

the epithelial to mesenchymal transition.13 

FGF – Typically involved in wound healing and development; FGF works in 

tandem with other growth factors such as VEGF and TGF-β. 14,15 

IGF – Primary mediator of growth hormone production which promotes 

systemic growth of the entire musculoskeletal system. IGF is also involved in 

the modulation of cell metabolism, survival and proliferation.16,17  

EGF – Stimulates the differentiation, chemotaxis, and proliferation of epithelial 

and epidermal cells.18  

1.2.3 Mesenchymal Stem Cells 

In addition to these growth factors, BMAC also houses Mesenchymal stem 

cells (MSCs) which have been shown in a varying capacity to have major effects 

on chondrogenesis, chondroprotection, and immune modulation in arthritic joints, 

notably these are not found in platelet rich plasma which is a common alternative 

to BMAC.3 The MSC component of BMAC has long been thought to be the 

primary driver for the regenerative potential of BMAC. Many early bodies of work 

saw BMAC as a biological augment whose main goal was to harvest these 

unspecialized cells from the bone marrow, concentrate them, and reintroduce 

them to the site of an injury to promote healing; this in large part came from 
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MSCs ability to differentiate into cartilage, tendons, bones, and muscles, among 

many other notable properties.8,19 

MSCs are multipotent stromal cells first described in the 1960s. They are 

characterized by their capacity for self-renewal and differentiation into 

mesodermal lineages such as osteoblasts, adipocytes, and chondroblasts.20–24 

Although they represent a small fraction (0.001% to 0.01%) of the mononuclear 

cells in bone marrow, their therapeutic potential has made them a focal point in 

regenerative medicine.19,23,25–27 The Mesenchymal and Tissue Stem Cell 

Committee of the International Society for Cellular Therapy has established 

minimal criteria to define MSCs: they must be plastic-adherent under standard 

culture conditions, express CD105, CD73, and CD90 while lacking expression of 

hematopoietic markers (CD45, CD34, etc.) and HLA-DR; and must demonstrate 

in vitro differentiation into osteoblasts, adipocytes, and chondroblasts.28 

The therapeutic profile of MSCs is attributed to a combination of 

remarkable properties. Key features include intrinsic tropism, or a homing 

mechanism, enabling them to mobilize to sites of inflammation.19 Upon arrival, 

they exert potent anti-inflammatory and immunomodulatory effects by 

upregulating anti-inflammatory cytokines (e.g., IL-1RA) and downregulating pro-

inflammatory ones, while also modulating the activity of B and T lymphocytes, 

natural killer cells, and macrophages.19,21,29,30 Furthermore, MSCs promote tissue 

repair and regeneration through the regulation of cell proliferation, antioxidant 

activity, and differentiation (Fig 1.3).31,32 While these effects were initially 

attributed to direct differentiation, it is now recognized that paracrine signaling is 
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the primary mechanism.19,27 Rather than differentiating in mass, MSCs release a 

cocktail of bioactive factors—including proteins, mRNAs, and miRNAs—

packaged within exosomes and small extracellular vesicles (sEVs).33,34 This 

collective set of secreted factors, known as the secretome, is the principal 

mediator of MSC therapeutic effects.30,35,36 

 

 

Figure 1.3 Properties of Mesenchymal Stem Cells: Illustration of mesenchymal stem cells 
(MSC) generalized functions. MSCs are multi-potent stem cells capable of differentiating into 
osteoblasts, adipocytes, and chondroblasts. Through paracrine signaling the secretome is 
secreted into the local environment which stimulates a host of effects including cell and tissue 
regeneration, immunomodulation, rescuing cells from apoptosis, and stimulating new blood 
vessel formation. Created in BioRender. Jedlicka, S. (2025) https://BioRender.com/u1yjbfg. 

A critical aspect of the secretome is that its composition is not fixed; it is 

dynamically influenced by environmental conditions. 30,35,36 This variability 

introduces a question: what factors modulate the secretome, and how can they 
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be leveraged to maximize therapeutic efficacy? While numerous donor-specific 

variables have been investigated—including age, sex, BMI, smoking status, and 

tissue source—the impact of these factors remains an area of active research, 

with studies often reporting mixed conclusions.37–42 For instance, some evidence 

suggests that advancing donor age can diminish MSC functionality, highlighting 

the need to systematically isolate and understand these demographic 

variables.37–39 Therefore, a key challenge in the field is to precisely define how 

specific factors alter the MSC secretome to ensure consistent and potent clinical 

outcomes. 

1.3  Obtaining BMAC 

Due to the lack of standardization around how BMAC is procured, there are 

many different methods of obtaining BMAC; however, they generally follow this 

protocol: Sedate or anesthetize the patient, identify the bone marrow extraction 

site, harvest the bone marrow aspirate, then centrifuge the aspirate into a 

concentrated mixture. 

Gowd et al. describes their process as putting the patient under a general 

anesthesia in a supine position as opposed to more conventional beach chair 

position and can be seen in Fig 1.4. In contrast, authors Chahal et al. elect for a 

prone position with light sedation. In both cases, what follows is the identification 

of the anatomical landmarks near the harvest site prior to sterilization and 

draping. At this point one of many commercially available bone marrow extraction 

kits (e.g. Arthrex or Biomet Biologics) are used to penetrate the harvest site, 

apply an anticoagulant, and begin harvesting the marrow.8,43  



14 
 

 

Figure 1.4 Acquisition of BMAC: Depiction of acquiring BMAC from Gowd et al.8 (A) Identifying 
anterior superior iliac spine. (B) Aspiration of bone marrow. (C) Loading marrow into Arthrex 
Angel system. (D) Arthrex Angel system processing aspiration sample. (E) Production of bone 
marrow aspirate concentrate. (F) Comparison of unconcentrated bone marrow (left) to BMAC 
(right). 

The aspiration can be done all at once or in aliquots depending on factors 

such as the harvest site, or desired patient outcome; however, the literature 

suggests that ~60 mL of total volume is desired for the subsequent concentration 

procedure.3 The most common method for processing the BMA (45-60 mL) into 

BMAC (3-8 mL) is centrifugation. This process separates the sample into distinct 

layers based on cellular density and sedimentation rates: one enriched with 

leukocytes (white blood cells), mesenchymal stem cells (MSCs), hematopoietic 

stem cells (HSCs), and platelets, and another comprised primarily of red blood 

cells (RBCs). The nucleated cell–rich layer is retained and resuspended in the 

platelet-poor plasma fraction, yielding the final BMAC product.3 
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Beyond the procedural variability, there is also a significant disparity 

between harvest site selection. The overwhelming majority of studies describe 

aspirating marrow from the iliac crest, this is likely due to be the result of the 

extractable volume of bone marrow, total progenitor cell yield, and anecdotal 

evidence suggesting preferred clinical patient outcomes.3,44,45 A particularly 

influential study by Hyer et al. compared osteoblastic progenitor cell yield from 

the iliac crest, proximal aspect of the tibia, and calcaneus. Their results 

suggested that while all sites are viable, the progenitor cell yield from the iliac 

crest was the greatest and therefore quantitatively the best option.41  

Despite the assessment of Hyer et al, it is important to note that there is a 

considerable amount of ongoing research around BMAC and more specifically 

the total composition of BMAC, not just the cellular aspect of the injectable. 

Progenitor cell yields are not the defining factor of BMAC, it is important to keep 

in mind that BMAC is a product greater than the sum of its parts. Furthermore, 

there are more niche instances of BMAC extraction from locations like the 

humeral head which become accessible during a full thickness rotator cuff tear; 

the access to such a harvest site then enables clinicians to both perform a repair 

and marrow harvest in the same site rather than pivoting from the harvest site to 

the surgical site.46  

1.4 Clinical Outcomes Using BMAC 

The clinical outcomes reported for BMAC treatments often report pain 

relief, functional improvement, and structural pair for musculoskeletal defects. 

However, the evidence remains variable in terms of its quality, with a majority of 
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the studies having small sample sizes, short follow-up periods, or heterogeny 

with respect to the BMAC product produced, dosage administered, and 

alignment of reported outcomes.  

Recent examples shown BMAC’s effectiveness in knee OA:  A cohort 

of 213 patients (285 knees) with Kellgren-Lawrence grades II-III OA treated by 

BMAC derived from the anterior iliac crest with a single spin centrifugation, 

demonstrated large and statistically significant improvements in pain and function 

over a 7-month period. The visual analog scale (VAS) pain dropped from ~4.3 to 

~0.4 and the Knee Society knee score and function score improved in a similar 

capacity. The authors of this study deemed BMAC to be a reliable and effective 

treatment.47 Another study, used cohort of 17 knee OA patients underwent, 

BMAC treatment using a fenestrated trocar system (no centrifugation) between 

March 2018 and 2019. 10 mL of BMAC was harvested and injected into the 

affected knees of each patient. The clinical outcomes were monitored at 0, 6, and 

12 weeks. The results showed significant improvements in all scores over the 12 

weeks; specifically the Knee Injury and OA Outcome Score (KOOS) improved 

day to day activity by ~28 points, quality of life by ~33 points, sport and 

recreation by ~20 points, and pain by ~30 points, all of which were measured 

against a 100 point scale. Lysholm scores improved by ~22 points and VAS 

scores decreased by ~3.3 points.48  

In the context of augmenting existing repairs, BMAC has been used to aid 

in tendon-bone healing and rotator cuff tear repair. Several studies reported by 

A.K.Gowd et al.8 suggest that when BMAC is used in tandem rotator cuff repair 
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(RCR), tendon integrity as assessed by MRI or imaging was better preserved 

with functionality and strength sores such as the UCLA shoulder score improving 

over a 12 month period.46,49,50 When used in hip arthroscopy, patients who 

received the BMAC augmentation for cartilage damage during labral repair saw a 

significantly greater functional outcome improvements at 12 and 24 months 

compared to the patients without BMAC. Additionally, for full-thickness chondral 

flaps, BMAC outperformed microfracture in reaching the minimal clinically 

important difference (MCID) for International Hip Outcome Tool-33 (iHOT-33) in 

many patients.51  

Generally, BMAC appears to be a safe treatment option. In the knee OA 

study (KL II-III), complications were modest at ~5.3%, including hematomas, 

numbness, swelling, and superficial infection; however, no major adverse events 

were reported.47 In terms of the harvest site, studies harvesting from locations 

like the calcaneus show low complication rates, minimal/no pain at follow-up in 

most patients, no nerve injuries or wound complications.52 

 

1.4  Retrospective Analysis on where BMAC Falls Short 

Despite the reported results around BMAC there are still limitations that need 

to be overcome; currently the follow-up periods following BMAC treatments are 

fairly short ranging from a couple of weeks (3-12) to a few months (6-8) however, 

to both quantify and qualify the long term efficacy of the treatment follow-up 

periods closer to the 1-2 year mark would be more appropriate.  
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Furthermore, there is a wide range of variance in what is being referred to as 

‘BMAC’ in these studies. Many studies report variable levels of volumes, different 

harvest sites (iliac crest, tibia, calcaneus, humerus, etc.), processing methods 

(no-spin, single, or double spins), injection protocols, etc. This makes group 

study comparison difficult at best and impossible at worst, the lack of 

standardization around the entirety of the BMAC therapeutic procedure direct 

hinders the long-term success of the treatment. Another issue is the reliance on 

patient reported outcomes, pain scores, or functional scores; specifically, there 

are a limited number of studies which perform image analysis, biomarker or 

histological assessment to meaningfully quantity rather than qualify the tissue 

repair properties of BMAC. In the same vein as biomarker and tissue analysis, 

there are even fewer studies which seek to directly assess how patient 

demographic factors such as age, sex, BMI, or other comorbidities such as 

smoking status are variably accounted for in the assessment of BMAC.   
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Chapter 2: 
 

Framing the research gap and 
specific aims of this work 
 

2.1 Specific Aims to Address Gaps in BMAC 

To date, there remains a lack of comprehensive proteomic analyses 

performed on bone marrow aspirate concentrate (BMAC). Despite its growing 

use in clinical settings, both as a standalone treatment and in combination with 

other therapies, BMAC continues to be poorly characterized at the proteomic 

level. As a result, innate differences between patients, combined with the 

absence of standardized protocols for BMAC procurement, produce a therapeutic 

product with substantial variability. Furthermore, most clinical assessments of 

BMAC efficacy are qualitative rather than quantitative, which further limits our 

understanding of its biological mechanisms and therapeutic potential. 

Accordingly, the goals of this project are twofold. First, we aim to 

characterize BMAC samples collected from distinct anatomical regions, 

specifically, the iliac crest and the humeral head, to determine whether the site of 

origin influences protein composition. By examining these proteomic profiles in 

the context of patient demographic factors such as age, sex, body mass index 

(BMI), and comorbidities (e.g., smoking), we seek to understand how these 

variables modulate the proteomic landscape of BMAC. Second, this work intends 

to establish a modular analytical framework that can serve as a scaffold for 
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future, larger-scale investigations into similar biologics and their clinical 

translation. 

The central hypothesis guiding this study is that bone marrow derived from 

different anatomical regions possess distinct protein compositions, and that these 

profiles are further modulated by patient-specific demographic and lifestyle 

factors. To evaluate this hypothesis, three specific aims were developed: 

• Aim 1: Determine the degree of separability between BMAC samples 

originating from either the iliac crest or humeral head and identify any key 

proteins which distinguish the BMAC samples from either site.  

• Aim 2: Assess the influence of cigarette smoking on the BMAC proteome, 

both within marrow from the same region and across different anatomical 

sites by comparing current, former, and never-smokers. The goal is to 

identify protein biomarkers that may clarify whether BMAC remains an 

effective therapeutic in smoking populations. 

• Aim 3: Identify sex-based differences in BMAC protein expression while 

accounting for confounding factors such as age and BMI, thereby 

determining whether biological sex contributes to proteomic variability 

within bone marrow aspirate concentrate. 

Each of these aims will be addressed through a combination of inferential 

statistical analyses and machine learning–based approaches designed to 

uncover meaningful biological patterns within high-dimensional proteomic data. 
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2.2 Significance: 

In the field of regenerative medicine, bio-injectable therapeutics such as BMAC 

have gained increasing prominence over the past several decades. Yet, BMAC 

remains something of a black box—a therapy widely used but not fully 

understood. There is a clear absence of studies that systematically examine the 

proteomic composition of BMAC and how it varies across patients and harvest 

sites. 

This work seeks to fill that gap by conducting one of the most 

comprehensive BMAC proteomic analyses to date. To our knowledge, few 

studies have simultaneously examined BMAC from multiple anatomical regions 

while also integrating demographic and behavioral variables across a sizable 

dataset (n = 123 active samples, m ≈ 100 unprocessed). Because BMAC can be 

generated from both the iliac crest and the humeral head, it is critical to 

understand the biological nuances that differentiate these sites and understand 

how such differences may influence therapeutic efficacy. 

Beyond its biological insights, the significance of this work lies in its 

methodological innovation. By integrating proteomic data with statistical learning 

and computational modeling, this project bridges the gap between empirical 

observation and data-driven interpretation. In doing so, it establishes a 

framework through which future research can more effectively characterize 

therapeutics like BMAC. 
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Chapter 3 
 

Exploration versus exploitation: 
Methods for examining BMAC 
 

3.1 Overview of the methods used for proteomic analysis of BMAC 

The therapeutic promise of BMAC described in the previous chapter relies 

on the interplay of cells, cytokines, and growth factors working in tandem to 

create what the literature would suggest is a potent regenerative environment. 

Despite its clinical success, the proteomic composition of BMAC is observed but 

not well characterized; specifically, researchers and clinicians understand what 

the key growth factors and anti-inflammatory molecules involved in BMAC are, 

there is a limited body of work which directly looks to characterize these proteins 

in the context of patient demographic factors, harvest sites, and comorbidities. To 

bridge this gap, a systemic understanding of both the proteins that mediate 

BMAC’s therapeutic properties directly and tangentially is essential. Proteomic 

analysis therefore represents a critical next step in raising the bar with respect to 

BMAC as a therapeutic. 

Proteomics can be broadly defined as the large-scale study of proteins 

with respect to their structure, function, and interactions in biological systems. 

With respect to BMAC, proteomic profiling allows researchers to look beyond just 

cell counts and clinical endpoints which only account for a portion of therapeutic 

outcomes. Understanding which proteins are enriched, depleted, or differentially 
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expressed provides insight into how patient individuality and harvesting 

techniques ultimately change the therapeutic potency of BMAC.  

Historically, the number of proteomic studies involving BMAC is lacking; 

the main focus of BMAC centric studies often evaluate the cellular component of 

the therapeutic or the clinical outcomes involved with injecting BMAC. There are 

a variety of biochemical and immunological assays that are used in modern 

proteomic research including enzyme-linked immunosorbent assays (ELISAs) 

and Western blots, in addition to more advanced methods like liquid 

chromatography mass spectrometry (LSMS/MS). These techniques in particular 

have been used on BMAC in different capacities, which we will delve into in the 

next section. 

 3.2 Commonly Used Immunoassays 

Conventional enzyme-linked immunosorbent assays (ELISAs) and 

multiplex immunoassays are some of the most common techniques. These 

methods are highly sensitive and specific for detecting known, pre-selected 

proteins. One such example comes from, Ragni et al. used an ELISA-based 

approach to screen 200 biomarkers (cytokines, chemokines, receptors, growth 

factors, and inflammatory molecules).53 Likewise, Lan et al. applied a similar 

method using a 27-plex bead based ELISA to quantify cytokines and growth 

factors in BMAC.  

Our own work (Herna et al.), sought to use antibody microarrays to evaluate 109 

unique biomarkers in the BMAC proteome.54 This technique shares the 

immunological nature of ELISAs but allows for diverse, high-throughput 
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screening of numerous analytes in parallel, which is more difficult to perform with 

more standard multiplex panels. Additionally, the antibody microarrays typically 

only consume a small volume of samples.   

For targeted analysis of either a single protein or a small subset of 

proteins, Western blotting remains a valuable tool providing semi-quantitative 

data and confirmation of protein identity through its molecular weight. Hu et al. for 

example used the Western blotting technique to perform a semi-quantitative 

analysis on the presence of MMP-1, MMP-13, COL-I and COL-III as part of a 

study investigating BMACs ability to aid in prevention of hypertrophic scarring.55 

An alternative method with a steeper technical and analytical barrier to entry is 

liquid chromatography with tandem mass spectrometry (LC-MS/MS). As a 

cornerstone of unbiased, discovery-phase proteomics, MS can theoretically 

identify and quantify hundreds to thousands of proteins in BMAC plasma or 

cellular lysates without requiring pre-selected targets. Despite its power, it has 

been surprisingly underutilized in the analysis of human BMAC. A notable 

example comes from Ruoss et al., who performed a comprehensive single-cell 

transcriptional and proteomic analysis to build a comparative atlas of clinical-

grade mesenchymal tissues, including BMAC.56 

 

3.3 Theory Behind Antibody Microarrays 

Antibody microarrays share the same immunological foundation as 

techniques such as ELISA or Western blotting, in that they rely on the specific 

binding between an antibody and its target antigen. However, the microarray 
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platform extends this principle to a high-throughput, multiplexed format capable 

of simultaneously screening and quantifying (some but not all) numerous proteins 

within a single sample.  

In a typical, antibody microarray, capture antibodies specific to each analyte of 

interest are immobilized onto a solid substrate, such as a glass microscope slide, 

these form what are commonly referred to as spots or wells. Each spot functions 

as an independent reaction site designed to capture its corresponding target 

protein from the sample (Fig 3.1).  

 
Figure 3.1 Overview of antibody microarray target capture: Simplified schematic showing the 
theoretical capture mechanism for a single antibody microarray well. Created in BioRender. 
Jedlicka, S. (2025) https://BioRender.com/dinpkif. 
 

After the samples for analysis are applied to the spots, target proteins bind 

to their complementary capture antibodies. A primary detection antibody is then 
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introduced to bind the capture antigen, forming a sandwich-like complex. To 

amplify the detection signal, a secondary antibody or a fluorescently labeled 

streptavidin conjugate (like Cy3 or Cy5) are subsequently applied, which binds 

either directly to the primary antibody or to a biotin tag intermediary. The resulting 

fluorescent signal intensity is proportional to the amount of target protein bound 

at each spot. While this description applies to a single array feature, an individual 

microarray slide can contain both several individual arrays and hundreds of 

capture antibodies per array per slide; these screening are often performed in 

replicate for any given protein to ensure a certain level of robustness in the 

overall assay. This configuration enables the simultaneous profiling of dozens to 

hundreds of proteins using a relatively small volume of sample making antibody 

microarrays particularly powerful for proteomic analysis when the supply of a 

given sample is limited (Fig 3.2).    

 
Figure 3.2 Antibody microarray slide with magnified view: Image of a microarray slide 
containing 16 total microarrays and a zoomed in image of a singular microarray. 
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3.4 Justification for the Use of Antibody Microarrays  

The selection of the antibody microarray technique for this study was 

guided by both technical and practical considerations. Traditional immunoassays 

such as ELISAs and Western blots provide exceptional target specificity through 

antibody–antigen recognition but are inherently low-throughput. Screening 109 

unique proteins in quadruplicate using these conventional methods would have 

required substantial time, sample volume, and laboratory resources. Conversely, 

discovery-phase platforms such as LC-MS/MS offer broad proteomic coverage 

but impose high technical barriers to entry, including the need for large sample 

inputs, sophisticated instrumentation, and advanced computational infrastructure. 

As outlined in Section 1.3, the total yield from a single BMAC extraction typically 

ranges from 3 to 8 mL, limiting the volume available for proteomic assays. Under 

such constraints, the antibody microarray platform offered an optimal balance, 

maintaining the immunological specificity of targeted assays while achieving the 

throughput and multiplexing capability of large-scale proteomic screens. 

Another major advantage of antibody microarrays lies in their scalability. 

From an analytical standpoint, vertical scaling refers to expanding the total 

number of patients analyzed, whereas horizontal scaling refers to increasing the 

number of analytes screened per patient. The microarray format accommodates 

both dimensions efficiently. Standardized capture antibodies, replicate spots, and 

internal reference features create a stable assay environment that minimizes 

intra- and inter-chip variability. This design supports reproducible results across 

large sample sets, enabling robust statistical comparisons between patient 
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groups and across demographic or clinical covariates. Collectively, these features 

make antibody microarrays particularly well suited for comparative proteomic 

studies of BMAC, where the available sample volume is limited but the biological 

complexity demands high analytical depth 

 

3.5 Literature Based Evidence in Support of Antibody Microarrays  

Prior to adopting the antibody microarray platform, we evaluated its 

suitability based on precedent from both foundational and applied studies. Early, 

proof-of-concept work from the Department of Immunotechnology and CREATE 

Health at Lund University. These works, were led by authors Christer Wingren, 

Anders Carlsson, and Johan Ingvarsson, demonstrating the capability of antibody 

microarrays to generate high-dimensional proteomic profiles from clinically 

obtained serum samples. Over a series of investigations spanning multiple 

pathologies, including breast cancer 57, pancreatic adenocarcinomas 58, systemic 

lupus erythematosus (SLE) and systemic sclerosis (SSc) 59, and glioblastoma 

multiforme (GBM) 60, these researchers showed that antibody microarrays could 

discriminate between healthy and disease specific protein signatures using 

robust statistical learning approaches. Their work established a conceptual and 

methodological framework which could be extended to other biologically complex 

patient samples such as BMAC.  

Complementary methodological groundwork was laid by Brian B. Haab 

and colleagues, whose 2001 publication validated a practical platoform for 

parallel detection and quantification of proteins in complex biological samples. 
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This study introduced several key technical innovations including two-color 

fluorescence labeling, printing antibodies on derivatized glass slides, and 

comparative assay designs 61, each of which remain a central component of 

modern microarray workflows. Haab’s subsequent work in 2003 further 

demonstrated the translational relationship of antibody microarrays in cancer 

biomarker discovery, solidifying the platform’s position between high-throughput 

discovery proteomics and clinically oriented immunoassays.62 

Beyond oncology, antibody microarrays have been extensively applied to 

the study of autoimmune and inflammatory diseases, further supporting their 

adaptability to diverse biological contexts. For example, Quintana et al. screened 

serum samples from multiple sclerosis patients to link relevant biomarkers to 

different stages of disease progression63, while Robinson et al. use custom 

antibody microarrays designed to mimic the protein profile of synovial proteins to 

characterize rheumatoid arthritis and systemic lupus erythematosus antibody 

responses as both an exploratory and methodological study.64 These studies 

collectively demonstrate that antibody microarrays can capture disease-relevant 

proteomic and immunologic variation across diverse patient cohorts. 

The unifying theme among these bodies of work is their shared goal of 

identifying biologically or clinically informative protein signatures from limited 

biological material. Together, they provide compelling evidence that antibody 

microarrays are an appropriate, efficient, and validated platform for high-

throughput, targeted proteomic analysis. Within the context of our study, the 

limited volume of BMAC available per patient made this technique particularly 
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advantageous, as it allows for multiplexed detection across a wide dynamic 

range with minimal sample input. 

However, implementing this technology also introduces computational 

challenges. The raw output of antibody microarrays is inherently high-

dimensional, requiring systematic data preprocessing, normalization, and 

statistical modeling before meaningful biological interpretation can occur. As 

noted by prior investigators, effective analysis of such datasets depends on 

integrating principles from statistics, data science, and machine learning to 

uncover latent biological structure within correlated protein networks. These 

methodological considerations directly motivated the analytical framework 

described in the following chapter. 

 

 

 

 

 

 

 

 

 

 

 

 



31 
 

Chapter 4 
 

Introduction to Data Science – 
Probability 
 

4.1 A Framework for Proteomic Analysis: 

The integration of data science into biomedical research has transformed 

how complex biological systems are studied and interpreted. In the context of 

proteomics, data science provides the analytical framework required to translate 

large-scale protein measurements into meaningful biological and clinical 

insights.65 The datasets produced from antibody microarrays, for example, are 

high-dimensional, interdependent, and often exhibit subtle variations across 

patients, harvest sites, and processing conditions. Conventional univariate 

statistical methods, while useful for testing specific hypotheses, are insufficient to 

capture the multivariate interactions and latent patterns that characterize 

proteomics data.66,67 

At its core, data science represents the convergence of statistics and 

probability, computer science, and domain-specific knowledge applied through 

the scientific method. Kelleher and Tierney illustrate this intersection with respect 

to the fundamental skills of a data scientist (Fig.4.1).65 
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Figure 4.1 Data Science Skills: Core skills required for a data scientist (adapted from Kelleher 
and Tierney, 2018).65 BioRender. Jedlicka, S. (2025) https://BioRender.com/iszwe8h. 
 

Inside this framework, the goal is to simultaneously identify characteristics about 

individual components of the data, and then abstract those into relationships that 

broadly characterize the system as a whole.66 For BMAC in particular, this means 

uncovering the network of proteins that collectively contribute to its regenerative 

and anti-inflammatory characteristics rather than viewing each as the result of 

singular analytes.  

A standard data science workflow begins with data acquisition, 

preprocessing, and analysis.65,68 In this study data acquisition corresponds to the 

semi-quantitative protein profiles generated from the antibody microarrays.54 This 
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dataset captures 109 unique biomarkers per patient BMAC sample; these 

biomarkers span cytokines, chemokines, growth factors, and matrix regulators. 

Once collected, the data undergoes cleaning and normalization to ensure 

congruency and comparability across multiple workflows.69 This process also 

helps to eliminate technical artifacts such as background noise, missing values, 

or measurement inconsistencies.  

In our case, the preprocessing phase involves transforming raw 

fluorescence intensities into interpretable numerical representations, aligning 

replicates, and scaling values to reduce bias introduced by experimental 

variability.70,71 Outlier detection and imputation are applied, when appropriate to, 

ensure that the respective presence or absence of a value does not have a 

misrepresented impact on the analysis as a whole. These steps seek to minimize 

as much of the technical and biological noise as possible without metaphorically 

squashing the variability that we are trying to observe. Through this process we 

hope to establish a foundation upon which high-level analyses can be performed.     

Following the preprocessing phase, data validation ensures that the 

cleaned dataset adheres to the quality standards necessary for downstream 

statistical learning. In a biomedical context, validation often involves assessing 

data integrity, reproducibility, and compliance with analytical protocols. Generally, 

only after this step can the dataset be considered ready for exploratory or 

predictive modeling.  

Finally, data analysis and modeling represent the stage at which 

hypotheses are tested, and new knowledge can be generated. This may include 
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descriptive statistics, correlation analysis, feature selection, clustering, and 

classification. For proteomic studies like this one, machine learning algorithms 

are particularly useful because they can identify multidimensional relationships 

and patterns which are usually too complex to capture with more traditional 

methods.65,72,73 By applying these computations techniques, it becomes possible 

to distinguish protein expression signatures associated with patient demographic 

factors anatomic harvest sites, or other clinical variables. 

To summarize, data science provides a structured and scalable framework 

for extracting biological meaning from complex proteomic datasets. When 

applied to BMAC, it enables the transition from empirical observations to a more 

quantitative perspective to better characterize therapeutic potency. This chapter 

subsequently details the analytical framework necessary to intellectually engage 

with the analysis of our work; an introduction to probability in the context of p-

values and fundamentals of machine learning are laid out in an effort to guide the 

reader.     

 

4.2 Expanding fundamental concepts of probability 

Generally speaking, humans have an innate conceptual understanding of 

probability. If faced with a choice such as deciding to bring an umbrella with you 

on a dark and cloudy day, many would do so; if told to choose who we thought 

would win a race, or how well we may do on an exam, we could make 

reasonable guesses based on a combination of past data or experience and an 

awareness of the situation at hand. This probabilistic intuition is well described by 
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the classical work, How to Improve Bayesian Reasoning Without Instruction: 

Frequency Formats, by Gerd Gigerenzer and Ulrich Hoffrage.74 Despite the 

innate intuition that we possess, gaps in fundamental knowledge of probability 

allow for exploitation, such as the famous Monty Hall problem.75 

The Monty Hall problem is generally defined as: Suppose you are on a 

game show. There are three closed doors (1, 2, and 3), and behind each door is 

a car, a goat, or another goat. The host knows what is behind each door. You 

pick door 1. Before revealing the contents of door 1, the host reveals that there is 

a goat behind door 3 and offers you the option to switch your choice from door 1 

to door 2. The question becomes, is it advantageous for you to swap your 

choice? Without delving too deep into the calculations, the short answer is yes, it 

is always worth swapping from door 1 to 2, given the choice. The intuitive answer 

is described as looking at the instances where the player (you) wins by staying 

with your original choice of door 1 and comparing that to the number of times you 

would win had you swapped doors. This case is outlined in the table below.75  

Table 4.1 Monty Hall Problem: Outlining the choices for the Monty Hall Problem 
Players Choice Door with the prize Door the host opens Stay or switch 

1 1 2 or 3 Stay 

1 2 3 Switch 

1 3 2 Switch 

 
This question was the subject of quite a bit of controversy in the 1960s due to its 

subtly deceptive nature; However, it teaches us a valuable lesson in that our 

assumptions about the question greatly affect the way in which we go about 

solving the problem.76 
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With that example in mind, we will walk through the basics necessary to 

understand probability as it is the backbone of p-values that we observe in 

statistical hypothesis testing as well as the essence of machine learning. 

Probability is usually described as P of an event, E it is often expressed as: 𝑃(𝐸) = ⋯ 

The term event simply refers to an outcome such as flipping a coin, deciding if it 

will rain, choosing a flavor of ice cream, and so on.77 

Consider the case where we have a bag of marbles containing blue, red, and 

green marbles. The probability of drawing any and all marbles is defined as the 

sample space, S. However, suppose we are only interested in drawing blue 

marbles, then we could look at the total probability of drawing any singular blue 

marble as a collection of outcomes. This collection of outcomes is typically 

referred to as an event, E; an event, E is a set of or collection outcomes rather 

than a single outcome.78 

Take for example flipping two coins, we can define our sample space S as 

all of the possible outcomes from flipping our coins: 𝑆 =  {𝐻𝑒𝑎𝑑𝑠 − 𝐻𝑒𝑎𝑑𝑠, 𝐻𝑒𝑎𝑑𝑠 − 𝑇𝑎𝑖𝑙𝑠, 𝑇𝑎𝑖𝑙𝑠 − 𝐻𝑒𝑎𝑑𝑠, 𝑇𝑎𝑖𝑙𝑠 − 𝑇𝑎𝑖𝑙𝑠} 
Once we have defined S, it is possible to then examine particular events, for 

example getting exactly one head, getting at least one head, first coin lands on 

heads, and coins are matching. Each of our events describes a different set of 

outcomes which can then be used to determine the probability of said events 

occurring. Take for example the one heads case; there are exactly two scenarios 
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in which we obtain a singular head. Therefore, we look at the possibilities divided 

by the total outcomes to obtain 50% 

 𝑃(𝐸𝑥𝑎𝑐𝑡𝑙𝑦 𝑂𝑛𝑒 𝐻𝑒𝑎𝑑)  =  {𝐻𝑒𝑎𝑑𝑠−𝑇𝑎𝑖𝑙𝑠,𝑇𝑎𝑖𝑙𝑠−𝐻𝑒𝑎𝑑}{Heads−Heads,Heads−Tails,Tails−Heads,Tails−Tails = 24 = 0.5   
 

Probabilistic calculations abide by 3 rules informally defined as: 

1. 𝑃(𝐸)  ≥  0 ;  𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠 𝑎𝑟𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 

2. 𝑃(𝑆)  =  1 ;  𝑆𝑜𝑚𝑒𝑡ℎ𝑖𝑛𝑔 𝑚𝑢𝑠𝑡 ℎ𝑎𝑝𝑝𝑒𝑛 

3. 𝑃(𝐴 ∪ 𝐵) =  𝑃(𝐴) +  𝑃(𝐵);  𝑊ℎ𝑒𝑛 𝑒𝑣𝑒𝑛𝑡𝑠 𝑐𝑎𝑛𝑛𝑜𝑡 𝑜𝑣𝑒𝑟𝑙𝑎𝑝, 𝑤𝑒 𝑎𝑑𝑑 

More formally, these rules are known as Kolmogorov’s axioms of probability.79  

We can convince ourselves by looking at a fair dice roll.78 Let E1 = Rolling 

X > 3 and let E2 = Rolling 1. Based on our first rule, P(E1) = 3/6 and P(E2) = 1/6, 

they are not negative. The total possible rolls can be described as S = 

{1,2,3,4,5,6} or P(S) = 1. Finally, because we cannot roll a number greater than 3 

and roll a one, we simply add the probability of each event occurring to get 2/3.77  

The heuristic for solving these problems is as follows: Identify the sample space, 

define the events, apply rules. However, as the events become more complex, 

we must look for other cues to determine how we go about our calculations.  

If we consider a poker game, some things we may ask ourselves are: “Did I get a 

king or an ace?”, “Did I get a red and a face card?”, “Did I not get a heart?”. 

These events are no longer simple cases; they have evolved into combinations.  

The “not” operation refers to the compliment (Ac) where the compliment to 

a probability can be defined as P(Ac) = 1- P(A).78 Essentially the compliment is 
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encompassed by all cases which are not the case of interest. This relationship 

allows us to simplify what would ordinarily be complex calculations into rather 

simple ones.  

The “and” operation looks at the intersection between events, denoted as 𝑃(𝐴 ∩ 𝐵).78 Conceptually we can consider a Venn diagram and look at the 

overlapping region between circle A and B as the intersection between events 

and therefore what we wish to calculate. 

The “or” operation is denoted as 𝑃(𝐴 ∪ 𝐵).78 This operation is 

straightforward in that we are looking at P(A) + P(B), however, we must also 

account for the overlap between A and B in this calculation. Therefore, our 

calculation becomes 𝑃(𝐴 ∪ 𝐵) = 𝑃(𝐴) + 𝑃(𝐵) − 𝑃(𝐴 ∩ 𝐵). 

The “given that” or “conditional” operation is denoted as 𝑃(𝐴|𝐵); This 

reads as the probability of A occurring given that B occurred.78 We can define this 

more formally as: 

𝑃(𝐴|𝐵) = 𝑃(𝐴 ∩ 𝐵)𝑃(𝐵) = 𝑃( 𝐴 𝑎𝑛𝑑 𝐵)𝑃(𝐴𝑙𝑙 𝐵)  

The intuition behind this is that we take all the instances of events A and B 

overlapping and then divide out all the instances of B that could occur.  

 

4.3 Bayes Theorem: A Quantifiable Way to Change Our Perspective 

With a working framework of probabilistic fundamentals, we can now begin to 

look at deriving Bayes theorem. Consider two events, A and B. We write the 

probability of these events as an intersection, 𝑃(𝐴 ∩ 𝐵) 
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This intersection can be evaluated in terms of our conditional probability formula 

where, 𝑃(𝐴|𝐵) = 𝑃(𝐴∩𝐵)𝑃(𝐵) → 𝑃(𝐴|𝐵) ∗ 𝑃(𝐵) = 𝑃(𝐴 ∩ 𝐵)  

Now, if we reverse the order of events A and B occurring such that, 𝑃(𝐵 ∩ 𝐴) 

We can again evaluate our expression as, 𝑃(𝐵|𝐴) ∗ 𝑃(𝐴) = 𝑃(𝐵 ∩ 𝐴) 

We now have two expressions as a result of the intersection of two events being 

commutative, 𝑃(𝐴|𝐵) ∗ 𝑃(𝐵) = 𝑃(𝐴 ∩ 𝐵) 𝑃(𝐵|𝐴) ∗ 𝑃(𝐴) = 𝑃(𝐵 ∩ 𝐴) = 𝑃(𝐴 ∩ 𝐵) 

Since both expressions are equal to 𝑃(𝐴 ∩ 𝐵), we can set them equal to one 

another,  𝑃(𝐴|𝐵) ∗ 𝑃(𝐵) = 𝑃(𝐵|𝐴) ∗ 𝑃(𝐴) 

Finally, we simply divide the marginal probability of event B over to obtain Bayes 

Theorem, 

𝑃(𝐴|𝐵) = 𝑃(𝐵|𝐴) ∗ 𝑃(𝐴)𝑃(𝐵)  

Defining each term we get: 

• 𝑃(𝐴|𝐵) represents the posterior probability, of the probability that event A 

happens given that B happened. 

• 𝑃(𝐵|𝐴) shows the inverse conditional probability (likelihood) that given that 

event A happened, what the probability of event B happening is. 
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• 𝑃(𝐴) represents the prior probability of event A happening, more intuitively 

this represents our initial belief that event A will occur. 

• 𝑃(𝐵) represents the marginal probability that event B will occur.80,81 

The practical use of Bayes Theorem is that it gives us a quantifiable way to 

take our current beliefs about an event happening, and updating those events 

based on new information. Bayes theorem is an explicit mathematical structure 

that tells us exactly how to update our beliefs about the world when encountering 

new evidence. Essentially, it enables us to move from a general, long-run 

frequency (“Event A occurs 20% of the time”) to a specific, evidence-based belief 

(“Given what I know, event A should occur 20% of the time”).74,82 

 

4.4 What Probability Means in the Context of Data Analysis 

Probability is the fundamental mechanism that allows us to quantify 

uncertainty and draw conclusions based on the information available to us. In 

data analysis, the interpretation is not monolithic; the way in which we define 

probability fundamentally changes the approach and interpretations in how we 

build our model of the world.74,78  

Data is often treated as a realization of a random process. To model this, 

we use probability functions. For continuous data such as height or time, we 

approximate its distribution with a probability density function (PDF). For 

instances of discrete data such as counting, categories, or dice rolls we use a 

probability mass function (PMF).77 These functions describe the likelihood of 
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different outcomes and allow us to calculate key properties like expected values 

(averages) or variance (deviations).78  

A central challenge is that we must infer the true, underlying PDF from a 

finite sample of data. To make this problem tractable, statisticians employ a 

common approach known as parametric inferencing. Parametric inferencing 

involves assuming properties about the shape of the data or the distribution (e.g. 

Normal, Poisson, Binomial) and then using the collected sample data, estimate 

the parameters of the distribution such as mean and variance in the case of a 

normal distribution.78,81  

The philosophical interpretation of probability is split into two schools of 

thought — those who believe probability is a frequency (Frequentists) and those 

who believe probability is a degree of belief (Bayesians) 81,82: 

Frequentist Probability: This framework interprets probability as the long-

run frequency of an event. Here, frequentists believe that the population 

parameter (true mean for example) is a fixed and unknown value. Methods such 

as maximum-likelihood estimations (MLE) are often used to find an estimated 

parameter value which would make the observed data most probable.83,84 This 

statistical inference typically feeds into hypothesis testing, often using p-values; 

the P-value represents the probability of observing data as extreme as, or more 

extreme than, the sampled data, assuming the null hypothesis is true. A small p-

value (p < 0.05) suggests the data is unlikely under the given null hypothesis, 

meaning the null hypothesis is rejected. A common critique of this approach is 
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that it can tell us what is unlikely, but not directly the probability that a hypothesis 

is true.85,86 

Bayesian Probability: This framework interprets probability as a subjective 

degree of belief. The parameter values are not fixed, but they are treated as 

random variables in themselves, each one containing their own probability 

distribution. Bayesian analysis as the name suggests, uses Bayes Theorem to 

update prior beliefs about a parameter with new evidence (the observed data) to 

form a posterior distribution. This posterior distribution provides a complete 

picture of our updated belief about the parameter, directly quantifying the 

probability that it exists within any given range. While this offers a more intuitive 

and direct form of inference, it requires specifying a prior distribution which can 

be an arduous task.  

Despite the differences, both paradigms are powerful and widely used; 

often times the choice between one or the other is contextualized by the problem 

in question, availability of previous knowledge, and the desired 

conclusions.81,82,85  

 

4.5 Real world example of Bayesian versus Frequentist 

Through 2020, there was a global outbreak of the Corona virus which 

single handedly through the world into a global pandemic. In the race to break 

free from the pandemic status and return our previous normal, pharmaceutical 

companies raced to generate a modified vaccine. We will focus our attention on 
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two in particular, Pfizer’s BNT162b2 mRNA vaccine and Moderna’s mRNA-1273 

SARS-Cov-2 vaccine.87,88 

 

Pfizer’s BNT162b2 mRNA using a Beta-Bayesian-Binomial Model 

Pfizer conducted a Phase 3, placebo-controlled, observer blinded clinical 

trial with 43,448 participants over the age of 16. Participants were randomly 

assigned to receive two doses, 21 days apart, of either the BNT162b2 mRNA 

vaccine (n = 21,720) or a placebo (n = 21,728). After the second dose, only 8 

COVID-19 cases were observed in the vaccine group, compared to 162 cases in 

the placebo group. This resulted in a vaccine efficacy of 95% with a reported 

95% credible interval of 90.3% to 97.6%. Evidence of protection was observed 

soon after the first dose, with a vaccine efficacy of 52% before the second dose 

was administered. Critically, of 10 observed cases of severe Covid-19, 9 

occurred in the placebo group, demonstrating high efficacy against the most 

serious outcomes. 

The safety profile was characterized by short-term, mild-to-moderate 

reactogenicity, with a low and similar incidence of serious adverse events 

between the vaccine and placebo groups (0.6% vs. 0.5%). High efficacy was 

consistent across subgroups defined by age, sex, race, ethnicity, and underlying 

conditions. 

Statistical analysis was conducted using a Beta-Bayesian-Binomial model. 

To maintain a type 1 error rate (false positive) of 2.5% despite interim analyses, 

the final posterior probability for vaccine efficacy exceeding 30% needed to be > 
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98.6%. The trial overwhelmingly surpassed this, showcasing a > 99.99% 

probability that the vaccine efficacy was > 30%. The 95% credible 

interval indicates that there is a 95% probability that the true efficacy lies 

between 90.3% and 97.6%.87 

Moderna’s mRNA 1273 SARS-Cov-2 Vaccine using a stratified Cox 

proportional hazard model 

Moderna conducted a Phase 3, randomized, observer-blinded, placebo-

controlled trial with 30,420 participants. Participants were randomly assigned to 

receive two doses, 28 days apart, of either the mRNA-1273 vaccine (n = 15,210) 

or a placebo (n = 15,210). In the final analysis, symptomatic Covid-19 was 

confirmed in 185 participants in the placebo group (56.5 per 1000 person-years; 

95% confidence interval [CI], 48.7 to 65.3) and in 11 participants in the mRNA-

1273 group (3.3 per 1000 person-years; 95% CI, 1.7 to 6.0). This resulted in a 

vaccine efficacy of 94.1% (95% CI, 89.3 to 96.8%; P<0.001). A key secondary 

endpoint was the prevention of severe Covid-19; all 30 severe cases, including 

one fatality, occurred in the placebo group, indicating 100% efficacy against 

severe disease. 

Statistical analysis was conducted using a stratified Cox proportional 

hazards model. This frequentist-derived model assessed the mRNA-1273 

vaccine efficacy by comparing the hazard (instantaneous risk) of developing 

Covid-19 between the vaccine and placebo groups over time. For the interim 

analysis, Moderna used the Lan-DeMets alpha-spending function with O’Brien–

Fleming boundaries to determine the statistical significance thresholds for the 
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interim looks. In short, these methods are a standard way to conservatively 

adjust the p-value threshold required to claim vaccine efficacy for each analysis 

in an effort to control for type 1 error. The primary population analysis followed 

the per-protocol principle. Finally, the safety analysis—for which Moderna’s 

clinical trial write-up cites a two-sided 95% exact confidence interval using the 

Clopper–Pearson method — reported an overall 94.1% effectiveness at 

preventing symptomatic Covid-19 and 100% efficacy at preventing severe 

disease, with a reported 95% confidence interval for efficacy ranging from 89.3% 

to 96.8%.88 

4.6 Confidence Intervals Versus Credible Intervals 

When examining the statistical approaches used by Pfizer and Moderna, it 

becomes evident that there is more than one way to evaluate uncertainty in 

vaccine efficacy. Both companies reported remarkably similar results, yet their 

analyses were grounded in distinct statistical philosophies.87,88 The two key 

reported values from both Pfizer and Moderna lie in their 95% credible (Pfizer) 

and confidence (Moderna) intervals.  

The 95% credible interval that Pfizer uses asks a simple question, “Given the 

data we observed, what is the range of most plausible values for the true vaccine 

efficacy?”.81,82 This metric therefore becomes intuitive by reading as, “There is a 

95% probability that the true vaccine efficacy is between 90.3% and 97.6%”. The 

95% simply refers to a probability about our parameter value in this instance, 

vaccine efficacy. One of the primary strengths of using this approach is that in the 

posterior distribution of the event is informed by the prior distribution (initial 
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expectations about the vaccine efficacy). The use of this prior is often 

advantageous is it what is described as an “informed prior”, meaning that the 

value is informed by previous data, literature insight, expert opinions, etc.81,89  

The 95% confidence interval used by Moderna, however, asks a fundamentally 

different question; “If we repeated our trial infinitely, what range of values would 

contain the true efficacy 95% of the time?”.81,90 This is often misunderstood 

because when a p-value is reported and a subsequent confidence interval 

follows it, the unindoctrinated take those items at face value 86; However, the 

reality is that the reliability of the confidence interval is in the process or methods 

rather than the interval itself. With that, Moderna boasted a 95% confidence 

interval that the true vaccine efficacy was somewhere between 89.3% and 

96.8%, meaning that over the long run or given infinitely many samples to their 

method, Moderna could say that they are 95% confident that their vaccine’s true 

efficacy existed within their interval.88,90 The main limitation to this frequentist 

approach is the inability to inform your current stance based on a previous one 

i.e. there is not prior. 

Despite the differences between one method or another it is important to 

note that both schools of thought are widely used in numerous domains to 

validate and learn about reported outcomes seen from observed data.81,85 

Contextually it is important to note that while the use of a prior can be essential in 

learning about a system, in the case of Pfizer versus Moderna, the prior was 

ultimately of little use relative to the scale of data that Pfizer had access to. As 
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such, Pfizer’s results were dominated by their posterior distribution, hence why 

both companies achieved very similar results.  
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Chapter 5 
 

Introduction to Data Science –
Statistical Learning 
 

5.1 Fundamentals of Statistical and Machine Learning 

As stated at the beginning of this chapter, data science is highly 

interdisciplinary, drawing from mathematics, computer science, probability theory, 

and so on. Machine learning, otherwise referred to as statistical learning, 

encompasses the same interdisciplinary nature. It can be stated that in the year 

2025, data science is largely an umbrella term that encompasses skillsets like 

machine learning, however, it is important to note that they fundamentally rely on 

may of the same building blocks. 

Statistical learning revolves around a stream of inputs and outputs. These 

inputs parameters are commonly referred to as predictor variables or features, 

and sometimes independent variables, often they are denoted as 𝑋1, 𝑋2, … , 𝑋𝑖. 
Outputs on the other hand are usually referred to as either response variables or 

dependent variables – these inputs and outputs generally will form pairs which 

are denoted as (𝑋1, 𝑌1), (𝑋2, 𝑌2), … , (𝑋𝑖, 𝑌𝑖). Building on the probabilistic 

foundations established in chapter 4, statistical learning provides the framework 

for making data-driven predictions and interfaces. 

We can broadly divide statistical learning methods into two buckets, 

supervised and unsupervised learning methods. These approaches differ with 
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respect to the presence of a response variable that is able to be mapped back to 

the predictor. Further considerations are made once a learning approach has 

been selected, the question we are trying to answer largely dictates the type of 

machine learning model that is employed. For example, questions that deal with 

quantitative data sometimes referred to as continuous data can be used as a 

regression-based model to look at how the input of one variable corresponds to 

the output of another. Alternatively, qualitative, or categorical data may be used 

to draw predictions about the behavior of a system. Both cases refer to a 

supervised learning approach where an input is mapped to an output. However, 

there are instances where we just apply inputs to a model with no outputs, this 

case refers to an unsupervised learning approach. The unsupervised learning 

approach is generally used for things like clustering data based on similarities to 

identify emergent properties of the data.91,92 

5.2 Supervised Versus Unsupervised Learning Approaches 

As introduced above, machine learning approaches can be divided into 

two paradigms, supervised and unsupervised learning. The critical distinction 

between these two comes from the presence or absence of a response variable, 𝑌𝑖. In the supervised. 

In supervised learning, the dataset acts as a teacher. For each input, 𝑋𝑖, we 

have a corresponding known output variable 𝑌𝑖. The explicit goal is to learn a 

mapping function, 𝑓, from these inputs to the outputs such that we have, 𝑌 =𝑓(𝑋). The core idea is that our model studies labeled samples to infer this 

relationship from training samples and is calibrated in a process called training or 
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fitting. Once fitted, our model is theoretically able to have novel data given to it, 

and in response output some type of predicted, 𝑌̂. Common examples can be 

seen below: 

1. Linear/Logistic Regression – Predicting a continuous value like house 

prices or a binary category such as (spam/not spam). 

2. Decision Trees and Random Forests – Classifying customers into 

groups or predicting equipment failures. 

3. Support Vector Machines (SVM) – Identifying boundaries between 

classes such as in image recognition. 

4. Neural Networks – Performing text-to-speech translations or vice versa. 

Unsupervised Learning, on the other hand operates blindly, without a teacher. 

It is solely provided with the input data, 𝑋 and no corresponding outputs. The 

goal is shifted from predictions to exploration, uncovering hidden patterns, 

structures, or intrinsic groupings within the data itself. Some common examples 

can be seen below: 

1. Clusters (K-Means, Hierarchical Clustering) – Grouping similar data 

points together. For example, grouping customers based on their 

purchase patterns for targeted marketing or grouping genes involved in 

similar expression patterns. 

2. Dimensionality Reduction (Principal Component Analysis, t-SNE) 

Compressing the data into a lower-dimensional space while attempting to 

preserve the variance within the data. These techniques have been a 
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staple in reducing complex high dimensional data into less noisy lower 

dimensional data prior to applying other models toward the output.     

The choice between supervised and unsupervised learning is determined by 

the problem at hand and the data available.93 However, a middle ground exists. 

In practice, data is often only partially labeled, giving rise to semi-supervised 

learning. This hybrid approach leverages a small amount of labeled data 

alongside a large volume of unlabeled data to develop a more robust and 

generalized model, often achieving higher accuracy than would be possible with 

the labeled data alone. Within supervised learning, the nature of the output 

variable further determines whether we approach the problem as regression or 

classification, which we will examine next.91 

5.3 Deciding between Regression or Classification 

The form of our response variable 𝑌 often guides our choices of what 

types of models or learning approaches to apply. For example: 

Regression: Predicting house prices (continuous), forecasting stock prices, 

estimating patient recovery time 

Classification: Detecting spam emails (spam/not spam), diagnosing diseases 

(healthy/sick), recognizing handwritten digits (0-9) 

When 𝑌 is a quantitative variable, that is to say a numeric value such as 

age, height, income, or the value of a stock price; we often elect to use 

regression-based models. However, when 𝑌 is a class or a category we describe 

it as a qualitative variable; take for example marital status, purchases from a 
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particular brand of clothing, do you repay debt, or a medical diagnosis. These 

types of response variables usually use a classification-based model.  

When we do opt for a classification-based model, our evaluation switches from 

looking at a raw numerical assessment of the model’s predictions versus true 

outputs, and now we begin to quantify the fraction of how many instances the 

model was correct in classifying versus incorrect 1𝑛 ∑ 𝐼(𝑌𝑖 ≠ 𝑌̂𝑖)𝑛
𝑖=1  

where 𝐼 now refers to an indicator variable that is equal to 1 when our prediction 

and true response variable to not match, and 0 when they do. This approach is 

referred to as the training error rate, or proportion of mistakes that are made 

when applying our model to the training data.91,93   

Like many of our previous topics, the choice of model may not be so clear, 

and it is often guided by the questions being asked. A heuristic that most 

machine learning professionals abide by is to use a model that is both simple and 

interpretable whenever possible; a common pitfall is to always reach for the most 

complicated models right out of the gate.   

5.4 Objectives of statistical learning 

The previous sections outlined the decisions involved in model selection 

when initially looking at performing machine learning, however, they do not 

necessarily describe the centralized objective of the model itself. 

The primary goal when performing any type of statistical learning is to 

approximate an unknown function which we will refer to as 𝑓, which links inputs 



53 
 

(𝑋) and outputs (𝑌).91,94 Generally, there are two main reasons we seek to 

estimate our unknown function 𝑓, prediction and inference: 

Prediction: Generally, when 𝑋, inputs are readily available but the output, 𝑌 is not, we can look to predict Y using the following approximation, 𝑌̂ = 𝑓(𝑋) 

the term 𝑓 is often considered a black box because we generally do not care 

about the exact form of 𝑓 assuming the approximation it provides is an adequate 

prediction for our true 𝑌.  

The accuracy of 𝑌̂ will generally depend on our error term, 𝜖. Error can be 

broken into two groups, reducible error, and irreducible error. The name reducible 

error clues us into the fact that it is within our power to reduce this portion of the 

error term by optimizing various parameters of our model or selecting the most 

appropriate model itself. Alternatively, there is irreducible error, this can be 

conceptualized as the innate discrepancy between 𝑌 and 𝑌̂. Typically, irreducible 

error is the byproduct of variables in our system which cannot be accounted for 

and often go unmeasured for a variety of reasons. 

James et al. describes the mathematical decomposition of the expected 

prediction error as follows91: Consider an estimate for 𝑓 and set of arbitrary 

predictors 𝑋 which yield the expression, 𝑌̂ = 𝑓(𝑋), then we assume these values 

are fixed such that the only discrepancy between 𝑌 and 𝑌̂ can only come from 

our error term, 𝜖. We get the following expression:  𝐸(𝑌 − 𝑌̂)2 = 𝐸[𝑓(𝑋) + 𝜖 − 𝑓(𝑋)]2 = [𝑓(𝑋) − 𝑓(𝑋)]2 + 𝑉𝑎𝑟(𝜖) 
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Where the expected value of the squared difference between 𝑌 and 𝑌̂ is 

equal to the squared difference between the expected value of our true unknown 

function applied to our predictors plus our error term, minus the predicted 

function applied to the predictors. The latter expression can be reduced into two 

terms given my the right hand side of the expression; [𝑓(𝑋) − 𝑓(𝑋)]2 describes 

the reducible error which can be reduced with the previously mentioned model or 

technical optimizations (This term can be further divided into bias and variance 

which will be covered later), 𝑉𝑎𝑟(𝜖) on the other hand represents the calculated 

variance associated with our error term, otherwise known as our irreducible 

error.91,93 It is important to note that the irreducible error will always dictate the 

upper boundary of potential model accuracy — more simply if the irreducible 

error is roughly 5% then our model can only ever maximally achieve 95%. 

 

Inference: In this instance we want to know about the association 

between our inputs and outputs. This scenario does not treat 𝑓 as a black box 

because we are interested in the exact form in this instance. Often we want to 

know how the inputs are associated with our outputs, because in practice, only a 

small subset of our predictor variables are truly insightful. Other times we may 

look to understand the relationship between our inputs and outputs with respect 

to their association; does a change in one input change the respective value of 

other inputs? The complexity of the relationship between inputs and outputs is 

also usually of interest, knowing if a system has a linear relationship (they rarely 

do in practice) can be useful for future endevours.91  
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Despite having these categories of prediction and inference, the true 

nature of real-world problems seek insights from both domains. Data sets and 

analysis can overlap based on the questions being asked with respect to the 

data. The previous prediction or inference frameworks offer a heuristic which 

statistical learning often abides by. 

  

5.5 Parametric and Non-Parametric Modeling 

For supervised learning approaches where we seek to map inputs and 

outputs, the way in which we do this involves dividing our data into two main 

units, training data and testing data. The training data is defined as the portion of 

our data set allocated for teaching our model how to estimate 𝑓(𝑋) with the goal 

that some function 𝑓(𝑋) is approximately 𝑌 =  𝑓(𝑋) for observations (𝑋𝑖, 𝑌𝑖). We 

can generally split the training modalities then facilitate our approximation, 𝑓, as 

parametric and non-parametric: 

Parametric methods are typically a two-step model approach where we 

first seek to find the form of 𝑓 by assuming its form. After we select a model, then 

we must implement a protocol that uses the training data to fit the data we have 

to the model in question.91 

For example, assuming a linear model,  𝑓(𝑋) = 𝛽𝑜 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑝𝑋𝑝 

because we assumed that our unknown function has a linear form, our job 

becomes simplified. Now rather than needing to approximate an arbitrary 

function with p-dimensions, we need only estimate the p+1 coefficients, 
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𝛽𝑜 , 𝛽1, 𝛽2, … , 𝛽𝑝. These coefficients are referred to as parameters in this instance, 

a common method to approximate these parameters is to fit the training data to 

the model using the least squares approach; note however, this is simply one 

way of fitting, but there are numerous other methods available.  

The pros of using a parametric function is that this approach greatly 

simplifies our search for an appropriate 𝑓 by allowing us to choose a “good 

enough” fit and thereby move to estimating our parameters directly. The con of 

this approach though is because we rely on a parametric family to draw our 

model approximation through an assumed form of 𝑓, generally forced to accept 

the discrepancies between the unknown function 𝑓 and our model approximation 𝑓 with some degree of irreducible error.  

This irreducible error can be dealt with by choosing a flexible model, i.e. a model 

which does not have a rigid form such as a linear model. This would, however, 

require more parameters to be estimated with respect to our model to draw an 

appropriate approximation of our unknown function, furthermore, with this 

increased estimation we start to run the risk of overfitting our model to the 

training data specifically. 

Non-Parametric methods, on the other hand, do not look to draw an 

explicit comparison between existing functions to map back to our unknown 

function. Instead, they seek to estimate 𝑓 by approximating points as closely as 

possible to the data provided, without becoming too specific to the training data 

nor too complex in the way of the shape of our function approximation. The 

obvious benefit to this approach is that it can accommodate a much wider range 
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of unknown functions because the approach is not reliant on a guide function. 

Generally, this avoids the poorer potential fits that may be observed in a 

parametric approach. However, one of the major limitations to the non-parametric 

approach is that it often requires a significantly larger number of observations 

(samples) to adequately draw its approximation again because we are not using 

a guide function to model our unknown form.  

5.6 Assessing the quality of a model’s fit 

To evaluate how well a statistical learning approach performs, we must 

measure how closely the model’s predictions align with the true outcomes given 

by our data set. This comparison provides a quantitative measure for assessing a 

model’s accuracy and generalizability.  

With respect to regression models, a common metric used to evaluate 

model performance is the mean squared error (MSE), described by James et 

al.91. MSE measures average of the squared differences between the observed 

outcomes and the model’s predicted values and is given by the following:  

  

𝑀𝑆𝐸 = 1𝑛 ∑ (𝑌𝑖 − 𝑓(𝑋𝑖))2𝑛
𝑖=1  

Here, 𝑌𝑖 represents the true observed response for the ith observation and 𝑓(𝑋𝑖) 

denotes the predicted response obtained from our model. A small MSE indicates 

that the mode’s predictions are, on average, close to the observed values, 

whereas a large MSE would suggest a greater discrepancy between the 

predicted and actual values.   
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It is important to note that the MSE is typically calculated separately for 

the training and testing components of the data. The training MSE reflects how 

well the model fits the data it was trained on given by:  

𝑀𝑆𝐸𝑡𝑟𝑎𝑖𝑛 = 1𝑛𝑡𝑟𝑎𝑖𝑛 ∑ (𝑌𝑖 − 𝑓(𝑋𝑖))2𝑛𝑡𝑟𝑎𝑖𝑛
𝑖=1  

This value often underestimates the true prediction error because the model has 

already seen the full scope of the data. In contrast the testing MSE is described 

by the same equation as the training MSE, except it uses testing observations, 

and more critically, it is computed based on previously unseen data, therefore 

providing a more accurate assessment of the model’s true ability to generalize 

beyond the scope of its training data.  

This idea of training and testing data can be intuitively thought of as the 

same relationship that a study guide has for an exam. The study guide 

represents our training data, the model is calibrated by the provided answers 

which help it learn. The exam serves as the testing data, it reveals how well we 

can handle novelty by generalizing learned information to new questions. 

Ultimately, the goal of evaluating model fit is to balance good performance 

on the training data with a strong capacity for generalization to novel data. A 

model that performs exceptionally well on training data, but poorly on testing data 

is said to be overfit. If we take a moment to refer the study guide analogy, an 

overfit model is akin to a student who only is able to complete the questions in a 

study guide. Conversely, a model which performs poorly on both training and 



59 
 

testing data may be underfit meaning it fails to capture any essential structure of 

the data set.  

By monitoring these metrics and their behaviors model complexity changes, we 

can iteratively refine our approach to achieve the most accurate and 

generalizable representation of the data. A note to the reader, the above 

describes a high-level analysis of accuracy, however, as we progress onward to 

chapter 6, a nuanced view of model metrics beyond accuracy will arise.  

5.7 Tradeoff between Bias and Variance 

Mathematically, the balance between accuracy and generalizability can be 

expressed by decomposing the expected test error as follows 93:  

𝐸 (𝑌 − 𝑓(𝑋))2 = 𝑉𝑎𝑟[𝑓(𝑋)] + 𝐵𝑖𝑎𝑠[𝑓(𝑋)]2 + 𝑉𝑎𝑟(𝜖) 

In this expression the total expected prediction error is partitioned into three 

terms: 𝐵𝑖𝑎𝑠[𝑓(𝑋)]2 represents the systematic error introduced by approximating 𝑓(𝑋) with a simplified model. For example, when modeling the relationship 

between height and weight, we might assume a simple linear relationship where 

taller individuals weigh more. However, this assumption neglects factors such as 

diet or body composition that affect weight independently of height, leading to 

bias in the model’s predictions. 𝑉𝑎𝑟[𝑓(𝑋)] represents the sensitivity of the models’ predictions to fluctuations in 

the training data. In other words, it quantifies how much the model’s output would 

change if it were trained on a different dataset. Ideally, we seek to minimize this 

variance to ensure that the model’s performance is stable and not overly 

dependent on specific training samples. On the other hand, 𝑉𝑎𝑟(𝜖) represents 



60 
 

our irreducible error as previously described this is a catch all term for all things 

unmeasured or unaccounted for between the model and reality.  

The bias-variance tradeoff describes the intrinsic tensions between a 

model’s complexity and its ability to generalize. Typically, as a model’s 

generalizability increases, the bias tends to decrease because the model can 

better calibrate itself to the training data. However, this often comes at the cost of 

higher variance, as the model becomes more sensitive to random fluctuations 

within the data. Conversely, a model that is too simple exhibits a high degree of 

bias, but low variance, consistently missing important relationships or properties 

of the data set. This tradeoff encapsulates the core challenge of statistical 

learning, that is to find the optimal balance between model complexity that 

minimizes total expected error. Graphically, this is often represented by a U-

shaped curve where the test error first decreases with flexibility due to reduction 

in bias, but then sharply increases again due to a rise in variance. 

In practice, techniques such as cross-validation, regularization, and model 

comparisons are used to identify the point at which this tradeoff achieves its 

minimum expected value. Striking this balance is critical for developing models 

that are both accurate and generalizable.91,93     

 

5.8 Model Tradeoffs: Accuracy versus Interpretability 

While bias-variance tradeoff quantifies how flexibility affects predictive accuracy, 

it is also important to consider how model flexibility influences interpretability. 
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Flexibility refers to the general complexity of the model insofar as the order of the 

terms or operations involved to finalize the outcome. Conceptually this can be 

thought of in terms of adaptability, where a flexible model is able to 

accommodate a wide range of data sets for various tasks as opposed to more 

rigid model which is generally stricter in the types of data sets it can fit.  

With this idea of model complexity comes the tradeoff between a model’s 

interpretability and flexibility. As a model becomes more flexible in how it able to 

handle different data sets, it also becomes much more difficult to capture the 

relationship between inputs and outputs, and in general visualize the model.  

Models such as linear regression or lasso are structured and rigid insofar as their 

flexibility goes, however, they are exceptionally easy to visualize and interpret. 

On the other hand, something like a deep learning model (neural networks) or 

some flavors of the support vector machine are exceptional at handling complex 

data but lack the ability directly and cleanly visualize the results. Our general 

guideline is that as a model gains flexibility, it loses interpretability at the 

extremes.91,93  

 

5.9 Concluding Remarks  

While the concepts presented in this chapter are not an exhaustive look of 

probability or machine learning, they establish the essential groundwork for more 

advanced analytical approaches. These principles form the basis for interpreting 

complex data and serve as the intellectual scaffolding for the analyses that 

follow. The ideas discussed regarding probability, statistical inference, and the 
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fundamentals of machine learning, extend beyond proteomics. They represent 

universal tools for reasoning about data across disciplines. However, in the 

context of this work, they provide the conceptual foundation necessary to analyze 

and interpret the high-dimensional proteomic datasets derived from BMAC. 

Having established this framework, the next chapter applies these principles 

directly to our experimental data. In doing so, we transition from theory to 

practice, demonstrating how probabilistic reasoning and machine learning 

methods can uncover meaningful biological patterns within the BMAC proteome 

and ultimately advance our understanding of its therapeutic potential. 
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Chapter 6: 
 

Support Vector Machine Directed 
Proteomic Analysis of Bone Marrow 
Aspirate Concentrate 
 

6.1 Abstract:  

The aim of this study was to analyze the proteomic differences in bone 

marrow aspirate concentrate (BMAC) between extraction sites, specifically the 

iliac crest and humeral head. Using support vector machine (SVM) models, 

SVM(linear) and SVM(rbf), we identified six key proteins (MCSF, CD14, CD40, 

CD163, Ephrin-A4, and Matrilin-3) as essential for distinguishing between these 

sites. The results indicate that site-to-site proteomic differences are likely 

influenced by the surrounding tissues of each extraction site. Higher levels of 

chondrogenic and osteogenic proteins in the humeral head BMAC in addition to 

immune-modulatory proteins in iliac crest BMAC suggest site-specific proteomic 

profiles. This study provides insights that may assist clinicians in selecting sites-

appropriate BMAC for therapeutic applications and inform future research into 

BMAC proteomics.           
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6.2 Introduction: 

In sports and orthopedic medicine, biological therapeutics have become 

more prevalent for their ability to enhance existing treatments for musculoskeletal 

injuries and defects.8,95–97 One of the common therapies is bone marrow aspirate 

concentrate (BMAC) which involves aspirating and concentrating down small 

volumes of bone marrow and injecting the product into the target site.43,96,98,99  

BMAC is known to have high concentrations of anti-inflammatory and 

anabolic growth factors such as platelet-derived growth factor-B (PDGF-B), as 

well as bone morphogenic proteins 2 and 7 (BMP), interleukin-1 receptor 

antagonist (IL-1RA) which have been shown to inhibit the catabolic activity of IL-

1, mesenchymal stem cell, and other progenitor cells.43,100 Several studies have 

demonstrated the effectiveness of BMAC with respect to the need for revision 

surgeries101–104; one such example comes from a 2022 metadata analysis 

conducted at the Mayo Clinic which analyzed the Mariner data set from 

PearlDiver patient records repository and found that across a 114 patient group, 

when administered at the time of a rotator cuff repair (RCR), BMAC was 

associated with a significant decrease in revision surgeries.96   

Bone marrow aspiration procedures are typically performed in an operating room, 

under anasthesia.100 In many cases, bone marrow is aspirated from the iliac 

crest; this is largely due to its relative abundance of marrow, yield of progenitor 

cells, and association with preferred patient outcomes.41,44,45,105  While the iliac 

crest is often the preferred location for aspirating bone marrow for BMAC 



65 
 

preparations, there may be patients for whom aspiration from a different location 

may be preferable.41  

  In the case of a full thickness rotator cuff tear, the humeral head becomes 

an accessible source of bone marrow which is local to the site of repair.43,97,100 

Typically, extracting marrow from the humeral head is challenging due to the 

musculature of the rotator cuff, in addition to the other surrounding tissue which 

ordinarily block the humeral head. However, when a full thickness rotator cuff tear 

occurs, a gap opens at the musculotendinous junction.97,106 This gap can be used 

to both attach a surgical anchor for repair as well as aspirate marrow from the 

humeral head. With this, a surgeon may not need to add a second procedure to 

extract marrow from the iliac crest, rather they could perform the full surgery 

(repair and BMAC) in a single surgical site. Our work specifically examines 

BMAC samples originating from either the iliac crest or the humeral head with the 

aim of characterizing and comparing the proteomes of each marrow to determine 

the degree of similarity they possess. As BMAC can be produced from both sites, 

it is important to understand the site-dependent biological characteristics of the 

marrow. This could enable treatment decisions that are more patient and 

condition specific. 

To our knowledge there are no pre-existing works which examine how the 

extraction site of BMAC changes its proteomic profile and how that affects its 

regenerative and therapeutic potential. In this study, the differences between the 

proteomes of the iliac crest-derived BMAC and the humeral head-derived BMAC 
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were characterized with a robust support vector machine (SVM) learning analysis 

performed to highlight the nuances of each sample.  

The aim of this work was to use a SVM to determine the degree of 

separability or classifiability between the patient BMAC samples based on their 

proteomes. This information allowed us to analyze the biochemical comparability 

of the marrow’s regenerative potential based on their proteomic profiles with an 

emphasis on the relative levels of anti-inflammatory, anabolic, and catabolic 

cytokines between the iliac crest and humeral head derived BMAC samples (Fig 

6.1).  

 
Figure 6.1 Schematic overview of the experimental and SVM analysis workflow used in this 

study: Bone marrow aspirate (BMA) samples were collected from patients and processed into 
bone marrow aspirate concentrate (BMAC). Samples were then further separated into serum and 

cellular fractions, and the serum component was analyzed using antibody microarrays. Raw 
fluorescent data were processed in Python and Excel to build a proteomic dataset, which was 
then analyzed using inferential statistics and machine learning models to identify site-specific 

proteomic signatures. Created in BioRender. Jedlicka, S. (2025) https://BioRender.com/14yza7k. 
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6.3 Methods:  

Sample Acquisition: Bone marrow samples were aspirated (BMA) from 

patients (n=105) presenting with symptoms of joint pain (Table 6.1). BMA was 

processed into bone marrow aspirate concentrate (BMAC) by Sachdev 

Orthopedics as part of surgical intervention related to onset of patient pain using 

a commercially available centrifuge (Magellan, ISTO Biologics) to isolate the 

buffy coat containing the MSCs.  The procedure was performed as a medical 

operation with informed consent. Leftover materials were deidentified and 

anonymized prior to being used as part of the subsequent analysis. 

 

Ethical statement on samples: The specimens in question were collected 

under a routine clinical procedure, not as part of a clinical trial.  The specimens 

were marked as waste, and further de-identified prior to receipt. As such, Lehigh 

University did not classify this as Human Subjects Research. 

Table 6.1 Demographic Characteristics of Patients from Whom Bone Marrow Aspirate 
Concentrate (BMAC) Samples Were Acquired: Demographic characteristics of patients from 

whom bone marrow aspirate concentrate (BMAC) samples were obtained. Data are presented for 
the iliac crest (n = 65) and humeral head (n = 40) cohorts, including sex distribution, age, BMI, 

and smoking status (current, former, never). 

Groups Iliac Crest (65) Humeral Head (40) 

Sex, (M/F) 27/38 21/19 

Average Age, (Years) 61.12 +/- 10.73 62.6 +/- 9.57 

Smoking Status. 
(current, former, never) 10,13,42 6,11,22 

Average BMI, (m/kg2) 30.18 +/- 7.23 30.59 +/- 6.13 
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Sample Preparation: BMAC samples were separated into their serum and 

cellular components via centrifugation (1500g x 5 mins). Each BMAC serum 

sample was further processed using an Albumin & IgG Depletion SpinTrap 

(Cytiva) to remove excess solutes, immunoglobulins, and albumin proteins. 

Once stripped, each BMAC serum sample’s total protein concentration was 

quantified using a bicinchoninic acid assay (BCA) using the following kit Micro 

BCA Protein Assay Kit (Thermo Scientific, 23227). All kits were used in 

accordance with their manufacturer protocols. After stripping and determining 

concentrations of each BMAC serum sample, samples were diluted at a final 

concentration of 100 ug/mL to standardize the concentration for microarray 

analysis.      

Microarray slide preparation and scanning: BMAC serum samples at a final 

concentration to 100 ug/mL were loaded into four antibody microarrays (Table 

6.2) from Ray Biotech; Human immune response array GS1 (GSH-IMR-1-2), 

Human inflammation response GS3 (GSH-INF-3-2), Custom G-series Select 

“Osteoclast” Array (GSH-CUST), Custom G-series Select “Cartilage” Array 

(GSH-CUST). The protocol for processing each set of arrays was provided by 

Ray Biotech.  
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Table 6.2 Map of Each Array Used to Characterize the Patient Bone Marrow Aspirate 
Concentrate Samples Based on 109 Unique Proteins: Map of each array used to characterize 
the patient bone marrow aspirate concentrate samples based on 109 unique proteins. The maps 

classified as the “Human Inflammation Array GS3”, “Human Immune Response Array GS1”, 
“Custom G-series Select ‘Osteoclast’ Array”, and the “Custom G-series Select ‘Cartilage’ Array”. 

Array Protein Maps 

Human Inflammation Array GS3 Human Immune Response Array GS1 

BLC Eotaxin Eotaxin-2 G-CSF GM-CSF CD14 CD40 CD163 CRP E-Selectin 

I-309 ICAM-1 IFNg IL-1a IL-1b Fas FAS L G-CSF ICAM-1 IL-1a 

IL-1ra IL-2 IL-4 IL-5 IL-6 IL-1b IL-2 IL-2 Ra IL-4 IL-6 

IL-6sR IL-7 IL-8 IL-10 IL-11 IL-8 IL-10 IL-12p70 IL-13 IL-18 

IL-12p40 IL-12p70 IL-13 IL-15 IL-16 Lipocalin-2 MCP-1 MCP-2 MIF MIP-1a 

IL-17 MCP-1 MCSF MIG MIP-1a MIP-1b OPN PAI-I PF4 Procalcitonin 

MIP-1b MIP-1d PDGF-BB RANTES TIMP-1 RAGE Resistin ST2 Thrombomodulin TNFa 

TIMP-2 TNFa TNFb TNF RI TNF RII TREM-1 Troponin I uPAR VCAM-1 VEGF 

Custom G-series Select “Osteoclast” Array Custom G-series Select “Cartilage” Array 

BMP-4 CD109 EphA2 Ephrin-A4 FLRG Aggrecan bFGF bIG-H3 BMP-2 BMP-5 

Flt-3L FSH IFNg IL-12 p40 IL-17 BMP-7 BMP-8 BMP-9 BMPR-IA BMPR-IB 

IL-20 IL-23 IL-23 R ILT2 MCSF BMPR-II CHI3L1 FGF-4 FGF-6 FGF-9 

M-CSF RA MIP-1a PTH RANK TGF-b1 IL-17F Leptin LRP-6 Lumican Matrilin-3 

TLR3 TLR4 TNFa TRANCE TREM-2 MBL MMP-13A NOV sFRP-3 Thrombospondin-5 

 
Data Pre-Processing: Once processed, each array was loaded into Genepix 

4000B Microarray scanner (Molecular Devices) and imaged using the “GenePix 

Pro 6 Microarray Acquisition & Analysis Software”. Proteins for each array type 

(Table 6.2) were analyzed in quadruplicate. The fluorescent signal intensity 

values from ‘F532 Mean – B532’ for a given protein were included if the value of 

the spot did not exceed 1.2x the median value of the collective spots for a 

protein.107 The average number of replicates included for the Inflammation, 
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immune response, cartilage, and osteoclast arrays across the entire dataset 

were 3.5, 3.4, 3.5, 3.3 respectively (max is n=4). All spots which met the 

inclusion criteria were averaged and a log2 transform was applied. Final values 

were normalized (equation 1) to the average of two control samples (Human 

Serum Cellect, Fisher BioReagents, BP2657-100) run on opposite ends of each 

array. All data processing took place in Spyder IDE using Python 3.12 and 

Microsoft Excel.  

[Equation 1]  𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑆𝑎𝑚𝑝𝑙𝑒𝑠 = 𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑑 𝑅𝑎𝑤 𝑆𝑎𝑚𝑝𝑙𝑒𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑑 𝑅𝑎𝑤 𝐶𝑜𝑛𝑡𝑟𝑜𝑙   
Comparative Inferential statistical analysis: The BMAC dataset was stratified 

by anatomical source: Iliac crest (n = 65 samples) and humeral head (n = 40 

samples). All 109 proteins were tested for normality using Shapiro-Wilk tests (α = 

0.05). Due to non-normality in >70% of the proteins in both groups, non-

parametric Mann-Whitney U (MWU) tests (two-tailed, α = 0.05) were employed 

for group comparisons. To control multiple comparisons (109 proteins = 109 

comparisons), a Benjamini-Hochberg false discovery rate (FDR) correction was 

applied. Effect sizes were calculated using Cohen's r where positive (+) values 

indicate higher expression in the humeral head and negative (-) values the iliac 

crest. 

Support vector machine learning analysis: The dataset was comprised of 105 

patient samples defined by 109 features with a single binary classification target 

variable (Bone marrow source).58,59,108,109 To perform this task a support vector 

machine (SVM) was imported “from sklearn.svm import SVC”, and two versions 

of this model were used: SVC(kernel = ‘linear’, C = 1, class_weight = ‘balanced’, 
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probability = True, gamma = ‘auto’) and SVC(kernel = ‘rbf’, C = 1, class_weight = 

‘balanced’, gamma = 0.37). The parameters C and gamma were assigned based 

on the grid search for theoretical optima and live testing.110 K-fold cross 

validation where K = 10, samples were shuffled, and the random state was fixed 

for reproducibility to address model overfitting.58,59,108,109,111–113  

Model Performance Evaluation: Accuracy scores were used to evaluate the 

model’s performance at a baseline. However, each model’s performance was 

further evaluated with a combination of precision, recall, F1-scores, receiver 

operating characteristic curve with the area under the curve (ROC+AUC), as 

well as Mathew’s correlation coefficient. Each of these were calculated from a 

confusion matrix and verified using modules from the sklearn.metrics library.  

Feature importance identification: To identify the significance of each feature 

(protein) with respect to the SVM(linear) we examined the model coefficients 

(Table 6.5. and Fig 6.4.). These model coefficients act as guides for the 

relationship of a given feature to a class output (humeral head or iliac crest). The 

sign of the value indicates the class that the feature likely belongs to, and the 

magnitude of the value ranks it amongst the other proteins.114 Permutation 

feature importance scores were used to evaluate the SVM(rbf), similar to the 

SVM(linear), the magnitude of the score indicates how important the feature was 

to the model (Table 6.6 and Fig 6.5).  

Identification of differentiating proteome features: After analyzing the feature 

importance of each SVM model, the overlap between what appeared to be the 

most important features in the context of BMAC sample classifiability and 
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identified their functions as it related to BMAC was compared and analyzed (Fig 

6.6 and Table 6.7).  

6.4 Results and Discussion 

A total of 105 patient-derived bone marrow samples were characterized 

using four distinct antibody microarrays (Table 6.2): inflammation, immune 

response, osteoclast, and chondrogenic arrays. These arrays were selected for 

their diverse analyte coverage and overlap with proteins implicated in BMAC’s 

therapeutic mechanisms. Selection prioritized proteins with established roles in 

BMAC function (e.g., inflammatory cytokines, osteogenic growth factors) while 

balancing practical constraints on sample volume and throughput. Although other 

arrays could have been informative in isolation, our selection captures many of 

the canonical pathways associated with BMAC. Notably, the design of this study 

allows for future horizontal expansion (additional proteins) and vertical expansion 

(additional patient observations). 

Conventional methods for analyzing biological data typically involve 

comparative inferential statistics.58,59,108 We elected to perform said analysis in 

conjunction with our SVM directed approach. Shapiro-Wilk tests revealed that 

only 24.8% (27/109) of the proteins in the iliac crest group and 25.7% (28/109) in 

the humeral head group followed a normal distribution, with just 7 proteins 

common between groups.115,116 Given ~75% of the proteins followed a non-

normal distribution, MWU tests identified 24 proteins with a raw p-value <0.05, 

and after FDR correction 7 proteins with an adjusted p-value < 0.05. The MWU 

test's raw p-value reflects a 5% probability that the observed differences between 
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the iliac crest and humeral head were by chance; with 109 proteins being tested, 

FDR correction was required to limit false discoveries. Cohen's r effect sizes 

contextualize the biological relevance where the magnitude of the value indicates 

stronger group separations, and the direction of that separation is indicated by 

the positive or negative signs aligned with humeral head and iliac crest 

respectively (Fig 6.2 and Table 6.3).117 

 
Figure 6.2 Volcano plot of differential protein expression between iliac crest and humeral 

head BMAC samples: The y-axis shows the -log10 transformed p-vales after Benjamini-
Hochberg false discovery rate (FDR) correction (n = 109 samples). Proteins above the 

significance threshold (y=1.0, FDR-adjusted p < 0.05) are statistically significant. The x-axis 
represents the Cohen’s r effect sizes where Positive values: Higher expression in humeral head | 

Negative values: Higher expression in iliac crest. Black diamonds indicate FDR-Significant 
proteins (p <0.05), gray circles denote non-significant proteins. 
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Table 6.3 Inferential Statistical Analysis of Patient Cohorts: Differentially expressed proteins 
between iliac crest and humeral head BMAC samples. Raw P-value: Mann-Whitney U test results 

(unadjusted), FDR P-value: Benjamini-Hochberg corrected significance (adjusted), Cohen’s r: 
Effect size magnitude/direction where Positive values: Higher expression in humeral head | 

Negative values: Higher expression in iliac crest. Bolded rows indicate proteins that remained 
statistically significant after FDR correction (p<0.05). Proteins sorted by raw p-value (most to 

least significant). 

Protein Raw P-value Cohen's r FDR P-value 

BMP-7 0.0463 -0.1945 0.2134 

BMP-9 0.0471 -0.1938 0.2134 

CHI3L1 0.0002 0.3613 0.0163 

CD14 0.0012 0.3120 0.0262 

CD40 0.0017 0.3039 0.0309 

CD163 0.0250 0.2183 0.1515 

CRP 0.0097 0.2511 0.1135 

IL-4 0.0255 -0.2177 0.1515 

IL-10 0.0264 -0.2164 0.1515 

IL-12p70 0.0456 -0.1951 0.2134 

IL-18 0.0003 -0.3471 0.0163 

Procalcitonin 0.0105 -0.2486 0.1135 

ST2 0.0010 -0.3191 0.0262 

Thrombomodulin 0.0250 -0.2183 0.1515 

TREM-1 0.0025 -0.2924 0.0389 

BLC 0.0005 -0.3349 0.0182 

Eotaxin 0.0092 -0.2531 0.1135 

GM-CSF 0.0125 -0.2428 0.1135 

TIMP-1 0.0123 -0.2434 0.1135 

TNFb 0.0346 -0.2061 0.1886 

CD109 0.0259 0.2170 0.1515 

EphA2 0.0463 0.1948 0.2134 

M-CSF RA 0.0210 0.2247 0.1515 

TRANCE 0.0255 -0.2180 0.1515 

 

While conventional inferential statistics (e.g. Mann-Whitney U tests) 

identify individual protein differences, they assume independence between 

features and struggle to model complex, high-dimensional relationships which 

are innately part of proteomic data. Given the moderate sample size of our 

dataset (n= 105 total samples) and the correlative nature of protein expression 

patterns, we employed an alternative support vector machine (SVM) analysis. 
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Comparison of the BMAC proteome in iliac crest and humeral head 

samples could be thought of as looking at the separability of the proteomes of 

both groups from one another. Ultimately, this becomes a classification task to 

identify similarity (or similar proteins) between each BMAC sample. The support 

vector machine (SVM) machine learning model was selected for its classification 

ability in conjunction with use cases in similar biological classification 

problems.58,59,108,109,118   

Fundamentally, the SVM looks to plot a decision boundary between two 

classes of data which allows for classification from one class to another. The 

decision boundary is often referred to as a hyperplane and is oriented in such a 

way that maximizes the distance of the boundary from the closest data points of 

each class (support vectors). When a linear decision boundary (Fig 6.3A.) is 

insufficient in classifying the data (usually due to high dimensionality), a kernel 

function (Fig 6.3B.) can be implemented to expand the classification ability of the 

model by projecting the features into higher dimensional space.91,109,112,119  
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Figure 6.3. Schematic depicting the support vector machine classification decision 

boundary without the addition of kernel functions: A.) Depicts the base case where the data 
being classified is linearly separable, B.) Illustrates how non-linearly separable data can be 

handled via a kernel function. Fig 6.3 Created in BioRender. Jedlicka, S. (2025) 
https://BioRender.com/0pogcqy. 

 
When fitting the model to a set of data the parameters “C” and “Gamma” 

are used to optimize the fit of the model with respect to the data being analyzed. 

C refers to the regularization parameter which controls the trade-off between the 

setting the distance between the decision boundary and the support vectors 

(maximizing the margin) and minimizing the classification errors. A low value for 

C allows for some misclassification in the base dataset, leading to better 

generalizability in novel datasets, higher values of C will prioritize correctness at 

the risk of overfitting. Typically values of C range from 1 to 10, where 10 is 

standard. Gamma is used to tune how much influence a single observation has 

over the SVM decision boundary. Lower gamma values result in smoother 

https://biorender.com/0pogcqy
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decision boundaries that risk underfitting the data because the kernel has a wide 

decision radius. Conversely, a high gamma narrows the decision radius of the 

kernel meaning that the nearby points have the greatest effect. Baseline gamma 

values are typically decided by taking the inverse of the number of features in the 

dataset (1/109 in our case). It is important to note that when tuning gamma, it 

should be done with respect to C, high values for both C and gamma create 

overly complex decision boundaries which typically result in overfitting.110  

Two variations of the SVM with different kernel functions (linear, rbf) were 

used. The average of a 10 fold cross validation accuracy assessment of each of 

these models yielded an average accuracy of 0.829 ± 0.111 for the SVM(linear) 

and 0.847 ± 0.122 for the SVM(rbf). This result indicates that the SVM models 

were able to predict the origin of the testing BMAC samples with room for 

generalizability to novel data.  

The average confusion matrices were then extracted for each model. A 

confusion matrix is a 2x2 with four components true positive (TP), false positive 

(FP), false negative (FN), and true negative (TN) (Equation 2). These 

components are the backbone behind more comprehensive analytics such as 

precision/recall scores, F1 scores, or Mathew’s correlation coefficients.91,111 Take 

for example accuracy, this is a metric which can be broken down into Equation 3:  

Equation 2:  [𝑇𝑁 𝐹𝑃𝐹𝑁 𝑇𝑃] ↔ [ 𝑇𝑟𝑢𝑒 𝐻𝐻 𝐹𝑎𝑙𝑠𝑒 𝐼𝐶𝐹𝑎𝑙𝑠𝑒 𝐻𝐻 𝑇𝑟𝑢𝑒 𝐼𝐶 ] 
 

Equation 3:  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃+𝑇𝑁𝑇𝑃+𝑇𝑁+𝐹𝑁+𝐹𝑃  
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Thus, one could evaluate each model’s performance in a more comprehensive 

manner by looking at the TP, TN, FN, and FP components as seen in Equation 3, 

rather than solely looking at the accuracy score of a model. 

Precision can therefore be used to look at the proportion of real true 

positive cases out of all positive (true and false) cases in the dataset (equation 

4).91,111 Under ideal circumstances precision will be 1, where the number of FP is 

0. In the case of the models used here, the SVM(Linear) had a precision score 

0.808 ± 0.173, whereas the SVM(RBF) scored 0.792 ± 0.164 meaning they were 

respectively able to identify marrow from the iliac crest ~80.8% and ~79.2% of 

the time.    

Equation 4:  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃𝑇𝑃+𝐹𝑃  
Recall (alternatively known as sensitivity) examines out of all of the 

perceived instances of a positive case, how many of those were real (Equation 

5).91,111 Again, an ideal value for this would be 1. The SVM was able to correctly 

identify marrow as originating from the iliac crest 0.825 ± 0.275 (Linear) and 

0.825 ± 0.195 (RBF).  

 Equation 5:  𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃𝑇𝑃+𝐹𝑁  
Both the precision and recall can be used in tandem with one another to 

create an F1-score (Equation 6) which takes the harmonic mean (balances the 

scores) of the precision and recall scores and outputs a value ranging between 0 

and 1. The closer the F1-score is to 1, the better the model is at maximizing 

positive cases and minimizing false cases, and therefore the better it is at binary 
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classification.91,111 The SVM models produced an F1 score of 0.767 ± 0.180 

(Linear) and 0.801 ± 0.164 (RBF).  

Equation 6:  𝐹1-𝑆𝑐𝑜𝑟𝑒 = 2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙  
Another means of validating the model performance aside from the F1-

score, is to plotting the rate of false positive cases versus the rate of true positive 

cases, to create a receiver operating characteristic curve (ROC). Once plotted, 

the ROC curve is typically evaluated by finding the area under the curve (AUC) 

where the values range from 0 to 1. A score of 0.5 is the equivalent of random 

guessing whereas a score of 1 is perfect classification; the SVM models scored 

0.842 ± 0.118 (Linear) and 0.823 ± 0.167 (RBF).91,111 However, the limitations of 

the ROC AUC are such that it does not provide the user with information about 

the positive predictive value nor the negative predictive value used by the 

classifier.120 Adding the Mathew’s correlation coefficient (MCC) (Equation 7) 

overcomes this shortfall. This maximizes the TP, TN,FP, and FN values, giving us 

a score between -1 and 1, where 1 corresponds to perfect prediction, 0 

corresponds to a prediction made by random chance, and -1 corresponds to 

inversely perfect prediction, meaning all of the positive predictions were actually 

negative120. With our BMAC data, the SVM models scored 0.685 ± 0.124 (Linear) 

and 0.686 ± 0.261 (RBF). A summary of these results can be found in Table 6.4. 

Equation 7:  𝑀𝐶𝐶 = 𝑇𝑃∗𝑇𝑁−𝐹𝑃∗𝐹𝑁√(𝑇𝑃+𝐹𝑃)∗(𝑇𝑃+𝐹𝑁)∗(𝑇𝑁+𝐹𝑃)∗(𝑇𝑁+𝐹𝑁)  
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Table 6.4 SVM Performance Metrics: Performance metrics for SVM models used to classify 
BMAC samples by anatomical source. Metrics include accuracy, precision, recall, F1-score, ROC 

AUC, and Matthew’s correlation coefficient (MCC), with each presented as mean ± standard 
deviation over 10-fold cross-validation. Higher values indicate better classification performance. 

Metrics/Models SVM(Linear) SVM(RBF) 
Accuracy 0.829 ± 0.111 0.847 ± 0.122 

Precision 0.808 ± 0.173 0.792 ± 0.164 

Recall 0.825 ± 0.275 0.825 ± 0.195 

F1 Score 0.767 ± 0.180 0.801 ± 0.164 

ROC+AUC 0.828 ± 0.124 0.842 ± 0.132 

Matthews Correlation Coefficient (MCC) 0.685 ± 0.209 0.686 ± 0.261 

 

When evaluating the performance of a machine learning model, overfitting 

is always a concern; this refers to a case where, the parameters of the model are 

adjusted (tuned) too specifically to training data, resulting in a loss of 

generalizability to novel data.121 To combat the overfitting problem, we elected to 

perform a 10-Fold Cross Validation (K = 10) because with smaller datasets a 

larger K value helps achieve more stable and reliable model estimates.121,122 The 

addition of K-fold cross validation (KCV) helps to reduce the model’s dependence 

on a specific training-testing split for a classification prediction, because every 

sample is used in training and testing at some point, which serves to improve the 

robustness of the model by averaging the results of the K folds together for its 

final score.122,123 

Additionally, the rationale for using a combination of SVM models was that 

the linear kernel has a low computational cost for training and testing the model, 

allowing for quick tuning and adjustments which could be further applied to the 

rbf kernel. In addition to its efficiency, the linear kernel has the added benefit of 

providing users with the feature model coefficients (Table 6.5. and Fig 6.4.) 

ultimately providing better interpretability of the model, which helped the model to 
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decide if a given sample is categorized as originating from the iliac crest or 

humeral head. Despite this, the linear kernel should be outperformed by a well-

tuned rbf kernel as the features extend into higher dimensional space; however 

that trade in performance comes at the cost of not having access to the model 

coefficients.113   

The model scores indicate a robust performance, demonstrating the linear 

model’s ability to perform binary classification between BMAC samples from the 

humeral head and iliac crest. To better understand the interplay of the proteome 

in marrow classification, the individual proteins (rather than the model as a 

whole) were examined. To do so, the model weights were extracted from the 

SVM(linear) and ranked based on magnitude and sign. These model coefficients 

act in two ways: first, they show how a feature weight influences the model’s 

prediction based on its sign. The SVM(Linear) model identified the top 10 ranking 

features most likely to be associated with the humeral head BMAC samples as 

['CD14', 'CD40', 'CD163', 'IL-23 R', 'Lumican', 'Matrilin-3', 'CD109', 'IL-17', 

'CHI3L1', 'M-CSF R'], and the top 10 features most likely to be associated with 

the iliac crest BMAC samples as ['BMP-5', 'Lipocalin-2', 'IL-18', 'IL-10', 'TIMP-1', 

'MCSF', 'MIF', 'bFGF', 'Ephrin-A4', 'ST2'] (Table 6.5. and Fig 6.4.). These 20 

proteins (features) provided insight into how exactly the model was making its 

predictions, and which features it deemed important with respect to classifying 

the marrows. 
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Table 6.5 Ranking Proteins From SVM(Linear): Top 10 and bottom 10 protein features based 
on SVM (linear) model coefficients. Positive coefficients indicate association with humeral head 
samples, and negative coefficients with iliac crest samples. Coefficients were averaged over 10-

fold cross-validation; standard deviations reflect variability across folds. 
Humeral Head Bias Iliac Crest Bias 

Feature Model Weight ± Std Deviation Feature Model Weight ± Std Deviation 

CD14 1.309 ± 0.114 BMP-5 -0.664 ± 0.089 

CD40 1.284 ± 0.134 Lipocalin-2 -0.669 ± 0.183 

CD163 1.228 ± 0.094 IL-18 -0.685 ± 0.076 

IL-23 R 0.834 ± 0.095 IL-10 -0.781 ± 0.126 

Lumican 0.805 ± 0.085 TIMP-1 -1.106 ± 0.159 

Matrilin-3 0.792 ± 0.111 MCSF -1.212 ± 0.061 

CD109 0.770 ± 0.098 MIF -1.224 ± 0.133 

IL-17 0.730 ± 0.142 bFGF -1.238 ± 0.291 

CHI3L1 0.669 ± 0.138 Ephrin-A4 -1.268 ± 0.130 

M-CSF R 0.622 ± 0.090 ST2 -1.348 ± 0.197 

 

 
Figure 6.4 Protein signal Intensities from SVM(Linear): Mean normalized fluorescent signal 
intensities with standard deviations of the 20 proteins that the SVM (linear) model coefficients 

suggested had the greatest impact on the model’s classification of a BMAC sample being labeled 
as humeral head or iliac crest. The graph shows the levels that each protein expressed at in each 

BMAC group. 
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Unlike the SVM (linear), the SVM (rbf) does not give us access to the 

model coefficients and the decision boundary cannot be cleanly visualized. 

Evaluating the SVM(rbf) is more challenging because what is gained in its 

enhanced classification ability, is lost in the models interpretability.109,113,123,124 To 

visualize how the various features might be important to the SVM (rbf), the 

permutation feature importance (PFI) method was applied to each protein in our 

dataset; PFI randomly shuffles a single feature value, evaluates how this affects 

the model performance, and then assigns a score to the shuffled feature. This is 

then repeated across all the features in the dataset (Table 6.6. and Fig 6.5.). A 

high PFI score indicates that permutating a protein’s value caused the model to 

perform worse, whereas a low PFI score indicates the model performed better. 

The intent of using this PFI method is to discern which features are important to 

the SVM(RBF) for making its predictions. It should be noted that the scores of a 

given feature do not speak to the degree of biological relevance that protein 

(feature) holds; rather the scores enable assessment of the values of the feature 

as it pertains to the classification task. For example, while IL-23 has a low 

permutation score relative to Fas-L, this does not mean that IL-23 is not 

important. Rather, this indicates that when the value associated with IL-23 was 

permuted, this perturbation did not significantly impact the model’s ability to 

classify the BMAC samples. This distinction becomes important because the 

model is not speaking to the function of the protein in a system, but rather how 

alterations affect the biological fingerprint of the bodies they exist in. For this 

dataset, the top 20 PFI scores were for: ['FASL', 'Matrilin-3', 'Ephrin-A4', 'MIP-1a', 
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'BMP-4', 'MCSF', 'CD14', 'Resistin', 'IL-1b', 'il-12p40', 'IL-17F', 'PAI-I', 'sFRP-3', 

'ICAM-1', 'IL-11', 'VEGF', 'CD163', 'IL-6', 'CD40', 'IL-23']  

 
Figure 6.5 Protein signal Intensities from SVM(RBF): Mean normalized fluorescent signal 

intensities with standard deviations of the 20 proteins that the SVM (rbf) PFI scores suggested 
had the greatest impact on the model’s classification of a BMAC sample being labeled as 

humeral head or iliac crest. The graph shows the levels that each protein expressed at in each 
BMAC group. 

 
Table 6.6 Permutation feature importance (PFI) scores for the SVM (RBF) model: Scores 

reflect the change in model performance when a feature’s values were randomly permuted. 
Higher positive values indicate that the feature had a stronger influence on model accuracy. 

Reported values are the mean ± standard deviation across 10 cross-validation folds. 
Feature Permutation Score ± Std Deviation Feature Permutation Score ± Std 

Deviation 

FAS L 0.025 ± 0.013 IL-17F 0.002 ± 0.002 

Matrilin-3 0.013 ± 0.007 PAI-I 0.002 ± 0.002 

Ephrin-A4 0.011 ± 0.008 sFRP-3 0.001 ± 0.001 

MIP-1a 0.011 ± 0.011 ICAM-1 0.001 ± 0.006 

BMP-4 0.007 ± 0.009 IL-11 0.001 ± 0.002 

MCSF 0.004 ± 0.007 VEGF 0.001 ± 0.002 

CD14 0.003 ± 0.012 CD163 0.001 ± 0.003 

Resistin 0.003 ± 0.002 IL-6 0.001 ± 0.002 

IL-1b 0.002 ± 0.004 CD40 0.001 ± 0.004 

IL-12p40 0.002 ± 0.003 IL-23 0.001 ± 0.003 
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Of the 40 (out of 109) proteins examined between the SVM (linear) model 

and the SVM (rbf), there were 34 unique proteins identified as important for 

classification, with an overlap of 6 proteins between the models (Fig 6.6). Those 

6 proteins being: Matrilin-3, Ephrin-A4, MCSF, CD163, CD40, and CD14.  

Matrilin-3 is a well characterized extracellular matrix protein that helps in 

the formation of collagen networks.125,126 Additionally, it plays a key role in 

cartilage development and ossification by helping modulate mesenchymal 

differentiation, and chondrocyte differentiation.125,127–129  Matrilin-3’s role in 

anabolic and catabolic activities appears to be contingent on its concentration; at 

concentrations of 100-200 ng/mL, it is shown to be able to modulate the activity 

of IL-1Ra, even if IL-1B is present in chondrocytes. Additionally, it has been 

shown to suppress MMP-13 activity in chondrocytes.125,127 It is also able to inhibit 

BMP2 which is well known for its role in the hypertrophic differentiation of 

chondrocytes125,130,131, however, it was shown when bound by Matrilin-3 this 

activity diminishes.125,132 At higher concentrations of 5-50ug/mL Matrilin-3 

increased the expression of MMP’s, IL-1B, 6 and 8 in chondrocytes.125,133 Further 

investigation into the expression of Matrilin-3 could prove useful in determining 

how much of an effect its expression has on the downstream targets. 

Ephrin-A4 has well characterized roles in skeletal development as a 

negative regulator of osteoclast activity in addition to helping form the 

perichondrium.134,135 Notably it acts as a synergistic regulator of IGF1 which has 

downstream effects on cartilage matrix degradation, and vascularization through 

upregulated expression of VEGF.123,136,137  
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MCSF has roles in the proliferation, differentiation, and survival of bone 

marrow progenitor cells.138 This was found to be particularly true for osteoclasts 

which help to modulate bone mass; MCSF was found to be essential for the 

entire process of osteoclast differentiation spanning from the generation of 

precursor cells to the formation of mature osteoclasts.139–142 

CD14 is a monocyte/macrophage differentiation antigen on the surface of 

myeloid lineage cells such as monocytes, macrophages, and dendritic cells.143,144 

Notably CD14+ monocytes play a central role in bone remodeling by way of 

differentiating into osteoclasts in the presence of MCSF and RANKL.145 

Monocytes will circulate out of the bone marrow in both inflammatory and 

homeostatic conditions and once in circulation can differentiate into 

osteoclasts.146,147  

CD40 is a costimulatory signaling molecule in adaptive immunity which 

binds CD154 (CD40L) to provide secondary signals for T-cell dependent immune 

responses. Additionally, it has essential function in B-cell maturation and antibody 

class switching within the bone marrow.148 In the context of inflammatory 

responses CD40 and its ligand increase the expression of cell adhesion 

molecules, pro-inflammatory cytokines, chemokines, and MMP’s according to 

Ziegler et al 2019.149  

CD163 is a well characterized scavenger receptor primarily expressed on 

macrophages; it modulates oxidative stress and inflammation by clearing 

hemoglobin-haptoglobin complexes and acts as a marker for M2-polarized 

macrophages.150,151 With respect to bone marrow aspirate concentrate, CD163+ 
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macrophages contribute to immunomodulation by promoting a regenerative 

microenvironment by secretion of anti-inflammatory cytokines such as IL-10 and 

pro-angiogenic factors like VEGF.152,153  

Thus, to summarize, Matrilin-3 is involved in cartilage development and 

extracellular matrix modulations125–128,130–132,154, Ephrin-A4, MCSF, and CD14 are 

involved in bone remodeling and osteoclast regulation123,134,135,137–147.  CD40 and 

CD163 based on literature, are more involved in immunomodulation and 

inflammatory responses.148–151 

 We speculate that the site-to-site protein expression levels (Table 6.7) 

could be attributed to the tissue types surrounding the iliac crest and humeral 

head. The humeral head articulates in the glenohumeral joint which is a ball and 

socket joint, stabilized by the rotator cuff musculature and is lined with articular 

cartilage.106,155 The iliac crest serves as an attachment site for muscles and 

connective tissue, hence it lacks a meaningful amount of cartilage.156,157  Matrilin-

3 had greater levels of expression in the humeral head BMAC samples, as did 

CD14, CD40, CD163, and Ephrin-A4. MCSF was slightly (~5.38%) more 

expressed in the iliac crest population. Given the general roles of each of these 

proteins and their relative expression across each BMAC sample; we believe that 

the tissues surrounding the bone marrow extraction sites ultimately influence the 

local proteomes of each marrow. Notably between the results of the Mann-

Whitney U comparison test and the SVM models, two proteins CD14 and CD40 

were mutually significant in each method. 



88 
 

 
Figure 6.6 Venn diagram depicting the unique and overlapping top features between each 

SVM model: The overlapping features were deemed significant enough to investigate further. 
 

Table 6.7 Comparison of average normalized fluorescent signal intensities for six proteins 
identified as important by both SVM models: Percent differences reflect the relative 

expression between humeral head and iliac crest BMAC samples, highlighting site-specific 
proteomic trends. 

 Average Normalized Fluorescent Signal Intensity 

Protein Humeral Head Iliac Crest % Difference 

CD163 0.735 0.684 7.24 

CD14 0.946 0.749 23.25 

Matrilin-3 0.571 0.544 4.77 

CD40 0.724 0.656 9.88 

Ephrin-A4 0.631 0.549 13.99 

MCSF 1.501 1.584 5.39 

 
6.5 Conclusion:  

Analysis of this dataset reveals that while the feature importance 

determined by the models do not speak to the biological relevance of said 

feature, they can provide us with the insight necessary, to look at the relationship 

between these proteins and bone marrow. This work was able to take BMAC 

samples from the humeral head and the iliac crest and identify ways in which 



89 
 

they differ by way of inferential statistics. These nuances between the BMAC’s 

were further investigated with two flavors of SVM machine learning model to get 

a better grasp on which proteins in the dataset might be relevant. Based on 

varying feature performance metrics, we isolated 6 potentially key proteins which 

can be used to separate BMAC from the humeral head from that of the iliac crest. 

The results of this study can inform clinicians of the site-specific bone marrow 

nuances and help guide future proteomic studies. 

To the best of our knowledge and current review of the literature, there are 

no studies which perform a direct proteomic analysis comparing BMAC samples 

derived from the iliac crest to the humeral head. Typically, when BMAC proteomic 

analyses are performed they revolve around a handful of key proteins (VEGF, 

BMPs, IL-1ra, IL-6, IL-8, TNF-a, TGF-B). Our study provides two advantages: 

First we screen a wide selection of proteins which have varying degrees of 

function within the niches of inflammatory pathways, immunomodulation, 

osteocyte and chondrocyte modulation. Second, our study provides a framework 

for others to apply a similar SVM directed approach to BMAC samples (derived 

from any location not just iliac crest or humeral head) and perform a deeper 

analysis by looking at the interactions between a myriad of proteins rather than 

single observations. In the next section, we expand upon this work by delving 

deeper into the interplay between patient demographic factors and relative 

protein expression with an emphasis on site to site differences. 
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Chapter 7: 
 

Demographic Factors Affect Bone 
Marrow Aspirate Concentrate 
Proteome 
 

7.1 Abstract:  

Bone marrow aspirate concentrate (BMAC) is a promising orthobiologic 

therapy, yet the impact of patient demographics on its proteomic profile remains 

poorly understood. This study investigates how smoking status, age, sex, and 

BMI modulate BMAC’s protein composition, focusing on 109 analytes across 

inflammation, immune response, and tissue regeneration pathways. BMAC 

samples from 120 patients (iliac crest: n = 77; humeral head: n = 43) were 

stratified by smoking status (current, former, never-smokers) and analyzed via 

antibody microarrays. Non-parametric statistical analyses (Kruskal-Wallis, Dunn’s 

post hoc) with false discovery rate (FDR) corrections revealed significant 

proteomic alterations in iliac crest-derived BMAC from smokers, including 

upregulated pro-inflammatory cytokines (IL-17, TNF-α; p < 0.05, FDR-adjusted) 

and downregulated anabolic factors (TGF-β1, BMP-9). Former smokers exhibited 

intermediate profiles, suggesting partial recovery post-cessation. Sex-based 

differences (e.g., BMP-5, FGF-4) were noted but did not survive FDR correction. 

Humeral head samples showed minimal smoking-related changes, highlighting 

site-specific effects. These findings underscore smoking’s catabolic influence on 
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BMAC’s therapeutic potential and advocate for pre-treatment cessation 

protocols. 

 

7.2 Introduction:  

Bone marrow aspirate concentrate (BMAC) has emerged over the last 20 

years as a unique treatment within orthobiologics. Through a combination of 

innately present mesenchymal stem cells, anti-inflammatory proteins, and growth 

factors, BMAC is able to deliver several powerful regenerative agents in a single 

injectable.3,158  

To date the gold standard for BMAC acquisition is aspirating bone marrow 

from the iliac crest region of the hip and concentrating it down through one of 

many available centrifugation methods. To our knowledge the iliac crest has 

remained the gold standard due to its extractable volume of marrow, yield of 

progenitor cells (MSCs), and its association to preferred patient 

outcomes.41,44,45,105  

Currently the role of MSCs (Mesenchymal Stem Cells) in bone marrow are 

well characterized, with works examining the osteogenic effects of bone marrow 

as early as the 19th century and later bodies of work demonstrating that 

osteogenic effects could be attributed to a small subpopulation of bone marrow 

cells.24,159 MSCs are defined by the Mesenchymal and Tissue Stem Cell 

Committee of the International Society for Cellular Therapy as, “plastic adherent 

cells while being maintained under standard culture conditions, they must 

express CD105, CD73 and CD90, and lack expression of CD45, CD34, CD14 or 
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CD11b, CD79α or CD19 and HLA-DR surface molecules, as well as differentiate 

to osteoblasts, adipocytes, and chondroblasts in vitro”.28  

These cells host a variety of remarkable properties which when looked at 

as a whole, and become a sum greater than its parts; Intrinsic tropism more 

generally thought of as a homing mechanism is the method by which MSCs 

mobilize, adhere, and infiltrate into a given site of inflammation.160 The anti-

inflammatory activity of MSCs then allows for simultaneous upregulation of anti-

inflammatory and downregulation of pro-inflammatory cytokines providing both 

local and systemic relief.21,29 MSCs are also capable of apoptotic and 

immunomodulation through secreted cytokine regulation of B and T lymphocytes, 

natural killer cells, monocytes, neutrophils, and macrophages.21,30,160 Aside from 

their regulatory effects, MSCs are capable of instigating tissue repair and 

regeneration by way of paracrine signaling; This results in significant regulation 

of cell proliferation, anti-oxidant activity, and differentiation.31,32 Yet, despite our 

knowledge about the capacity of MSCs, there are still mixed results insofar as 

how patient demographic factors such as age, sex, BMI, smoking, and extraction 

site, affect the resulting concentration of these cells.22,41,42,161  

The concentration of MSCs in BMAC are known to be affected by patient 

demographic factors, however, with respect to the BMAC proteome the effect of 

demographic factors is less characterized. The cellular component of BMAC is 

better characterized than its proteomic counterpart; Extensive proteomic 

analyses on BMAC are rarely performed despite many studies directly naming 

proteins such as VEGF, PDGFs, BMPs, IL-1ra, and TGF-B1 as some of the key 
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anti-inflammatory and growth factors housed in BMAC.3,44,149 However, when 

BMAC proteomic analyses are performed they are typically done through the 

lenses of the MSC secretome, rather than the native proteins in BMACs “serum” 

component.4,162–164 The general lack of standardization around the BMAC 

processing procedure, further propagates the issue of not truly understanding 

how patient demographic factors modulate both MSC and serum protein 

concentration.44,165 

Our aim for this work is to evaluate the effects of smoking with respect to 

patient demographic factors (age, sex, bmi) to better understand how specific 

proteins may be differentially affected by a patient’s smoking status. There are 

numerous ways to go about parsing this data, but, given the catabolic nature of 

smoking in contract to the anabolic nature of BMAC we have elected to focus on 

how age, sex, and BMI, interact with smoking.   

Consumption of cigarettes often results in many diseases including cancer 

and cardiovascular and lung diseases. According to the CDC as of 2022 roughly 

1 in 5 adults (49.2 million) use cigarettes. Tobacco products remain as one of the 

leading causes of preventable disease and death in the United States.166 

Cigarette smoke itself contains reactive oxygen species (ROS) and a myriad 

cytotoxic compounds.170–172  which have been shown to accelerate aging across 

a variety of tissues in the body.167–169  

At the cellular level cigarette smoke exposure (CSE) has been shown to 

delay chondrogenesis in mice and inhibit osteogenesis in rabbits.173,174 

Furthermore, in MSC’s derived from adipose tissue, CSE exposure impaired the 
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migration and viability, altered the secreted protein profile, and had genetic 

variations throughout differentiation into osteocyte and chondrocyte lineages.175 

In vitro bone marrow MSCs were isolated from guinea pigs and exposed to 

cigarette smoke; authors found that short term CSE results in diminished MSC 

homing, proliferation, differentiation, and migratory abilities to be diminished.176 

The damage that smoking causes can be summarized as catabolic in 

nature, corroding tissues to point of cellular senesce, apoptosis, or proliferative 

malfunction. However, the link between smoking and BMAC as a treatment is not 

explicitly well documented. Patients are advised to refrain from smoking and 

alcohol prior to an appointment for BMAC treatment. Currently what we 

understand is that smoking and BMAC have antagonistic effects in that smoking 

produces a catabolic response in the body, whereas BMAC produces an anabolic 

response in the body. For this reason, actively smoking patients are believed to 

receive reduced to little effectiveness from the BMAC therapy. 

 

7.3 Methods: 

Samples Acquisition: Bone marrow samples were aspirated (BMA) from 

patients (n=120) presenting symptoms of joint pain (Table 7.1). BMA was 

processed into bone marrow aspirate concentrate (BMAC) by Sachdev 

Orthopedics as part of surgical intervention related to onset of patient pain using 

a commercially available centrifuge (Magellan, ISTO Biologics) to isolate the 

buffy coat containing the MSCs.  The procedure was performed as a medical 
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operation with informed consent. Leftover materials were deidentified and 

anonymized prior to being used as part of the subsequent analysis. 

Ethical statement on samples: The specimens in question were collected 

under a routine clinical procedure, not as part of a clinical trial.  The specimens 

were marked as waste, and further de-identified prior to receipt. As such, Lehigh 

University did not classify this as Human Subjects Research. 

Table 7.1 Demographic Characteristics of Patients from Whom Bone Marrow Aspirate 
Concentrate (BMAC) Samples Were Acquired: Data are presented for the iliac crest (n = 77) 

and humeral head (n = 43) cohorts and further stratified by patient smoking status (smoker, 
former smoker, or never smoker). The average age, sex, and BMI are reported for each smoking 

group. 
Bone Marrow 

Source 
Smoking Status 

Average Age 
(Years) 

Sex (M | F) 
Average BMI 

(KG/M2) 

Iliac Crest (77) 

Smoker (15) 56.20 ± 8.03 7 | 8 28.72 ± 3.49 

Former Smoker (20) 63.20 ± 8.31 10 | 10 31.56 ± 5.16 

Never Smoker (42) 63.61 ± 10.17 14 | 28 30.84 ± 7.48 

Humeral Head (43) 

Smoker (9) 58.33 ± 9.86 8 | 1 29.99 ± 7.41 

Former Smoker (11) 64.45 ± 9.98 6 | 5 30.02 ± 5.47 

Never Smoker (23) 63.61 ± 10.17 10 | 13 30.77 ± 6.59 

All (120) 

Smoker (24) 57.00 ± 8.61 15 | 9 29.18 ± 5.12 

Former Smoker (31) 63.65 ± 8.79 16 | 15 30.94 ± 5.24 

Never Smoker (65) 62.85 ± 11.14 24 | 41 30.81 ± 7.10 

 
Sample Preparation: BMAC samples were separated into their serum and 

cellular components via centrifugation (1500g x 5 mins). Each BMAC serum 

sample was further processed using an Albumin & IgG Depletion SpinTrapTM 
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(Cytiva) to remove excess solutes, immunoglobulins, and albumin proteins. Once 

stripped, each BMAC serum sample’s total protein concentration was quantified 

using a bicinchoninic acid assay (BCA) using the following kit Micro BCATM 

Protein Assay Kit (Thermo Scientific, 23227). All kits were used in accordance 

with their manufacturer protocols. After stripping and determining concentrations 

of each BMAC serum sample, samples were diluted at a final concentration of 

100 ug/mL to standardize the concentration for microarray analysis.       

Microarray slide preparation and scanning: BMAC serum samples at a final 

concentration to 100 ug/mL were loaded into four antibody microarrays (Table 

7.2) from Ray Biotech; Human immune response array GS1 (GSH-IMR-1-2), 

Human inflammation response GS3 (GSH-INF-3-2), Custom G-series Select 

“Osteoclast” Array (GSH-CUST), Custom G-series Select “Cartilage” Array (GSH-

CUST). The protocol for processing each set of arrays was provided by Ray 

Biotech. 
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Table 7.2 Map of Each Array Used to Characterize the Patient Bone Marrow Aspirate Concentrate 
Samples Based on 109 Unique Proteins: The maps are classified as the “Human Inflammation 

Array GS3”, “Human Immune Response Array GS1”, “Custom G-series Select ‘Osteoclast’ Array”, 
and the “Custom G-series Select ‘Cartilage’ Array”. 

Array Protein Maps 

Human Inflammation Array GS3 Human Immune Response Array GS1 

BLC Eotaxin Eotaxin-2 G-CSF GM-CSF CD14 CD40 CD163 CRP E-Selectin 

I-309 ICAM-1 IFNg IL-1a IL-1b Fas FAS L G-CSF ICAM-1 IL-1a 

IL-1ra IL-2 IL-4 IL-5 IL-6 IL-1b IL-2 IL-2 Ra IL-4 IL-6 

IL-6sR IL-7 IL-8 IL-10 IL-11 IL-8 IL-10 IL-12p70 IL-13 IL-18 

IL-12p40 IL-12p70 IL-13 IL-15 IL-16 Lipocalin-2 MCP-1 MCP-2 MIF MIP-1a 

IL-17 MCP-1 MCSF MIG MIP-1a MIP-1b OPN PAI-I PF4 Procalcitonin 

MIP-1b MIP-1d PDGF-BB RANTES TIMP-1 RAGE Resistin ST2 Thrombomodulin TNFa 

TIMP-2 TNFa TNFb TNF RI TNF RII TREM-1 Troponin I uPAR VCAM-1 VEGF 

Custom G-series Select “Osteoclast” Array Custom G-series Select “Cartilage” Array 

BMP-4 CD109 EphA2 Ephrin-A4 FLRG Aggrecan bFGF bIG-H3 BMP-2 BMP-5 

Flt-3L FSH IFNg IL-12 p40 IL-17 BMP-7 BMP-8 BMP-9 BMPR-IA BMPR-IB 

IL-20 IL-23 IL-23 R ILT2 MCSF BMPR-II CHI3L1 FGF-4 FGF-6 FGF-9 

M-CSF RA MIP-1a PTH RANK TGF-b1 IL-17F Leptin LRP-6 Lumican Matrilin-3 

TLR3 TLR4 TNFa TRANCE TREM-2 MBL MMP-13A NOV sFRP-3 Thrombospondin-5 

 
Data Pre-Processing: Once processed, each array was loaded into Genepix 

4000B Microarray scanner (Molecular Devices) and imaged using the “GenePix® 

Pro 6 Microarray Acquisition & Analysis Software”. Proteins for each array type 

(Table 7.2) were analyzed in quadruplicate. The florescent signal intensity values 

from ‘F532 Mean – B532’ for a given protein were included if the value of the spot 

did not exceed 1.2x the median value of the collective spots for a protein.107 The 

average number of replicates included for the Inflammation, immune response, 

cartilage, and osteoclast arrays across the entire dataset were 3.5, 3.4, 3.6, 3.5 

respectively (max is n=4). All spots which met the inclusion criteria were 

averaged and a log2 transform was applied. Final values were normalized 

(equation 1) to the average of two control samples (Human Serum CellectTM, 
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Fisher BioReagents, BP2657-100) run on opposite ends of each array. All data 

processing took place in Spyder IDE using Python 3.12 and Microsoft Excel.  

Equation 1:  𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑆𝑎𝑚𝑝𝑙𝑒𝑠 = 𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑑 𝑅𝑎𝑤 𝑆𝑎𝑚𝑝𝑙𝑒𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑑 𝑅𝑎𝑤 𝐶𝑜𝑛𝑡𝑟𝑜𝑙   
Statistical Analysis: Samples were split into cohorts based on the origin of the 

BMAC samples (iliac crest or humeral head), patient sex (male or female), and 

patient smoking status (current, former, or never-smoker). To assess normality 

the Shapiro-Wilk test was used. Two-group sample comparisons were performed 

using the non-parametric Mann Whitney U test and three-group sample 

comparisons used a Kruskal-Wallis test with Dunn’s post hoc analysis. All 

samples were subject to false discovery corrections using the Benjamini-

Hochberg method to control multiple statistical testing. For all tests a significance 

threshold of *p* < 0.05 was used.    

 

7.4 Results: A statistical analysis was conducted on the BMAC dataset 

comprised of 120 patient observations screening 109 proteins per patient.  

The BMAC dataset was initially stratified by male (n = 55) and female (n = 65) 

patients. The normality of each protein in the dataset (n = 109) was assessed 

using a Shapiro-Wilk test where a p-value < 0.05 would suggest a given protein 

does not have a normal distribution. Given that more than half of the proteins in 

the dataset test as having a non-normal distribution a Mann-Whitney U (MWU) 

test was used as a non-parametric two-group comparison test. Benjamini-

Hochberg false discovery rate (FDR) corrections were applied to the raw p-

values obtained from the MWU testing to control falsely identified significant 
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proteins (Type 1 error). Of the 109 proteins examined, only three proteins being 

BMP-5, BMPR-IA, and Matrilin-3 had a raw p-value less than 0.05, however 

when FDR corrections were applied those proteins were no longer statistically. 

This process was repeated with the male-female groups, except, each group was 

further stratified by their BMAC origin site (humeral head or iliac crest). The 

results can be seen in Table 7.3.  

Table 7.3 Statistical analysis for BMAC data set patients stratified by Male (M) and Female 
(F) with respect to sample extraction site (Humeral Head, Iliac Crest, Both): Shapiro-Wilk 
test, Mann-Whitney U (MWU) test, and Benjamini-Hochberg false discovery rate corrections for 

MWU results as well as significant proteins (raw P < 0.05) are listed in columns 3,4,5, and 6 
respectively. 

Dataset Group Size 
(M / F) 

Shapiro Non-
Normal (M / F) 

MWU Raw / FDR 
Sig Proteins  (p < 

0.05) 

Significant 
Proteins (Raw p 

< 0.05) 

Iliac Crest 
(77) 31 M / 46 F 

56 / 76 → 49 
overlap 

11/0 

BMP-5, BMPR-
IA, FGF-4, FGF-

6, Matrilin-3, 
Thrombospondin-
5, bIG-H3, CRP, 
CD109, Ephrin-

A4, IL-20 

Humeral 
Head (43) 24 M / 19 F 

51 / 63 → 33 
overlap 

0/0 — 

Both (120) 55 M / 65 F 
77 / 89 → 70 

overlap 
3/0 

BMP-5, BMPR-
IA, Matrilin-3 

 

The BMAC dataset was stratified by patient smoking status being, smoker 

(n = 24), former smoker (n = 31), or never smoker (n = 65). Again, the Shapiro-
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Wilk test was used to assess the normality of each group (p<0.05); for 109 total 

proteins, the smoker group had 51, former smokers had 65, and never smokers 

had 85 proteins with a non-normal distribution. The Kruskal-Wallis (KW) test was 

used as a non-parametric multi-group (2<n) comparison test to identify any 

significant differences between the smoker, former smoker, and the never smoker 

groups. The KW test identified BMPR-II, G-CSF, IL-12p70, IL-17, and TRANCE 

as statistically significantly different within the test groups. A Dunn’s post-hoc test 

was applied as a pairwise comparison to identify the location of the significant 

proteins identified by the KW test. False discovery rate (FDR) correction using 

the Benjamini–Hochberg method was applied to both the Kruskal-Wallis p-values 

(across all proteins) and the Dunn post hoc p-values (within each protein's 

pairwise comparisons) to control for multiple hypothesis testing. This procedure 

was performed twice more on the dataset, however, the BMAC extraction site 

(humeral head or iliac crest) was taken into account. The results are summarized 

in Table 7.4. 
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Table 7.4. Statistical analysis for BMAC data set patients stratified by Smoking status with 
respect to sample extraction site (Humeral Head, Iliac Crest, Both) Summarized results for 
all Kruskal-Wallis and Dunn’s post hoc statistical analysis. All proteins reported had a ‘Raw P-

value’ of p < 0.05. A false discovery rate (FDR) correction using the Benjamini-Hochberg method; 
All proteins whose ‘FDR P-value’ was p < 0.05, were statistically significant. The following three 
columns: FS vs N’, FS vs S’, and ‘N vs S’ were the result of Dunn’s post hoc test, values listed in 

the columns are p-values where p <0.05 was statistically significant. 
Note that FS = Former Smokers, S = Smokers, N = Never smokers. 

Site Protein 
Kruskal H-

statistic 
Raw P-value FDR P-value FS vs N (p) FS vs S (p) N vs S (p) 

Both BMPR-II 6.3119 0.0426 0.2512 0.039 0.291 0.291 

Both G-CSF 7.3207 0.0257 0.2512 0.21 0.272 0.028 

Both IL-12p70 6.4556 0.0396 0.2512 0.089 0.689 0.088 

Both IL-17 11.7246 0.0028 0.1526 0.004 0.416 0.064 

Both TRANCE 12.9215 0.0016 0.1526 0.098 0.098 0.001 

HH Aggrecan 6.6135 0.0366 0.7495 0.072 0.781 0.072 

HH TGF-b1 6.2916 0.043 0.7495 0.958 0.051 0.051 

HH TLR3 6.0156 0.0494 0.7495 0.577 0.052 0.052 

HH TREM-2 8.1685 0.0168 0.7495 0.233 0.014 0.051 

HH VCAM-1 6.3238 0.0423 0.7495 0.192 0.036 0.147 

IC BLC 9.4233 0.009 0.0381 0.289 0.095 0.007 

IC BMP-9 11.1845 0.0037 0.0192 0.016 0.656 0.015 

IC BMPR-II 11.1974 0.0037 0.0192 0.019 0.598 0.013 

IC Eotaxin 12.902 0.0016 0.0138 0.078 0.133 0.002 

IC Ephrin-A4 13.7183 0.001 0.0121 0.064 0.128 0.001 

IC E-Selectin 7.5057 0.0235 0.0745 0.171 0.301 0.028 

IC Fas 6.8304 0.0329 0.0944 0.337 0.031 0.061 

IC FGF-9 9.3909 0.0091 0.0381 0.082 0.33 0.013 

IC FSH 11.746 0.0028 0.017 0.033 0.363 0.006 

IC G-CSF 10.583 0.005 0.0237 0.123 0.123 0.004 

IC GM-CSF 14.227 0.0008 0.0121 0.036 0.183 0.001 

IC ICAM-1 7.4576 0.024 0.0745 0.761 0.051 0.022 

IC IFNg 19.9175 0 0 0.002 0.388 0.0003 

IC IL-10 6.6769 0.0355 0.0992 0.203 0.331 0.043 

IC IL-11 15.285 0.0005 0.0109 0.019 0.234 0.001 

IC IL-12p70 14.0289 0.0009 0.0121 0.023 0.272 0.002 

IC IL-13 6.0628 0.0482 0.1251 0.268 0.268 0.046 

IC IL-15 12.6934 0.0018 0.0138 0.039 0.255 0.003 

IC IL-16 7.4124 0.0246 0.0745 0.087 0.531 0.046 

IC IL-17 14.7277 0.0006 0.0109 0.007 0.527 0.003 

IC IL-18 10.593 0.005 0.0237 0.948 0.008 0.006 

IC IL-1a 12.3737 0.0021 0.0141 0.046 0.239 0.003 

IC IL-1ra 8.7979 0.0123 0.0462 0.269 0.127 0.009 

IC IL-2 12.8002 0.0017 0.0138 0.027 0.321 0.003 

IC IL-2 Ra 6.8912 0.0319 0.094 0.934 0.045 0.034 

IC IL-23 12.6293 0.0018 0.0138 0.007 0.752 0.007 

IC IL-4 8.9643 0.0113 0.044 0.239 0.138 0.009 

IC IL-5 15.0417 0.0005 0.0109 0.016 0.278 0.001 

IC IL-7 15.2697 0.0005 0.0109 0.009 0.4 0.002 

IC Matrilin-3 7.6288 0.0221 0.0733 0.218 0.233 0.023 

IC MCP-1 8.9847 0.0112 0.044 0.06 0.461 0.021 

IC MCSF 12.2665 0.0022 0.0141 0.009 0.873 0.009 

IC MIP-1a 8.4892 0.0143 0.052 0.196 0.196 0.012 

IC RANK 8.0848 0.0176 0.0619 0.036 0.815 0.036 

IC sFRP-3 6.3755 0.0413 0.1098 0.077 0.838 0.112 

IC TGF-b1 12.9576 0.0015 0.0138 0.031 0.285 0.003 

IC Thrombospondin-5 6.5415 0.038 0.1036 0.477 0.138 0.032 

IC TIMP-2 14.7166 0.0006 0.0109 0.008 0.461 0.002 

IC TNFa 12.5424 0.0019 0.0138 0.03 0.316 0.004 

IC TNFb 11.5443 0.0031 0.0178 0.059 0.244 0.004 

IC TRANCE 9.9288 0.007 0.0318 0.144 0.175 0.007 
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Following the statistical analysis proteins which had a raw P-value of p < 

0.05 (listed in Table 7.3) were plotted by their normalized RFU’s with respect to 

either age, BMI, or sample density as seen in the following figures 7.1 through 

7.4. Note that only proteins whose expression levels were significantly different 

between ‘smokers and non-smokers’ AND ‘never-smokers and former smokers’ 

after FDR corrections, were included in these figures. 

 
 

Figure 7.1 Anti-inflammatory and Immunomodulatory proteins: Visualization of the relative 
normalized fluorescent units (RFU) for each protein: For each protein column (i.e., protein), 
the subsequent rows depict 
(a) Scatter plot of normalized RFU vs. patient age, 
(b) Scatter plot of normalized RFU vs. patient BMI, 
(c)  Kernel density plot showing distribution of RFU across smoking cohorts, with dashed vertical 
lines indicating group means, 
(d) Bar plot of average RFU per smoking status with standard error bars. 
Proteins are grouped arbitrarily into sets (e.g., Group 1, Group 2) based on panel layout for figure 
clarity; these groupings do not represent biological or statistical cohorts. 
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Figure 7.2 Chondrogenic proteins: Visualization of the relative normalized fluorescent 
units (RFU) for each protein: For each protein column (i.e., protein), the subsequent rows 
depict 
(a) Scatter plot of normalized RFU vs. patient age, 
(b) Scatter plot of normalized RFU vs. patient BMI, 
(c)  Kernel density plot showing distribution of RFU across smoking cohorts, with dashed vertical 
lines indicating group means, 
(d) Bar plot of average RFU per smoking status with standard error bars. 
Proteins are grouped arbitrarily into sets (e.g., Group 1, Group 2) based on panel layout for figure 
clarity; these groupings do not represent biological or statistical cohorts. 
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Figure 7.3 Osteogenic proteins: Visualization of the relative normalized fluorescent units 
(RFU) for each protein: For each protein column (i.e., protein), the subsequent rows depict 
(a) Scatter plot of normalized RFU vs. patient age, 
(b) Scatter plot of normalized RFU vs. patient BMI, 
(c)  Kernel density plot showing distribution of RFU across smoking cohorts, with dashed vertical 
lines indicating group means, 
(d) Bar plot of average RFU per smoking status with standard error bars. 
Proteins are grouped arbitrarily into sets (e.g., Group 1, Group 2) based on panel layout for figure 
clarity; these groupings do not represent biological or statistical cohorts. 
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Figure 7.4 Pro-Inflammatory proteins: Visualization of the relative normalized fluorescent 
units (RFU) for each protein: For each protein column (i.e., protein), the subsequent rows 
depict 
(a) Scatter plot of normalized RFU vs. patient age, 
(b) Scatter plot of normalized RFU vs. patient BMI, 
(c)  Kernel density plot showing distribution of RFU across smoking cohorts, with dashed vertical 
lines indicating group means, 
(d) Bar plot of average RFU per smoking status with standard error bars. 
Proteins are grouped arbitrarily into sets (e.g., Group 1, Group 2) based on panel layout for figure 
clarity; these groupings do not represent biological or statistical cohorts. 
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7.5 Discussion:  

The BMAC dataset is currently composed of 120 patient observations, 

each described by 109 unique proteins; these proteins were analyzed using one 

of four antibody microarrays (Table 7.2). The choice for using the inflammation, 

immune response, osteoclast, and chondrogenic arrays largely comes from their 

analyte diversity while also encompassing many proteins that other works may 

describe as integral to the nature of BMAC’s regenerative properties. Notable 

examples include, BMP-2, BMP-7, IL-1ra, TGF-B1, VEGF, and IL-8.149,177  

Although other arrays could have been informative in isolation, our 

selection captures many of the canonical pathways associated with BMAC. 

Notably, the design of this study allows for future horizontal expansion (additional 

proteins) and vertical expansion (additional patient observations).  

Stated previously, the role of patient demographic factors is largely unstudied in 

the context of BMAC. Our goal was to identify if and how a given patients age, 

sex, BMI, or smoking status may play a role in the proteomic composition of 

BMAC.  

Our analyses looked at the BMAC samples in one of two ways, stratified 

by bone marrow source or grouped as a whole. The rationale for bone marrow 

source stratification predominately comes from our previous work which identified 

several key differences between the BMAC proteomes depending on the location 

of the bone marrows extraction.54 Further stratifications were used to analyze 

patients either by biological sex or smoking status. 
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A Shapiro-Wilk’s test was used to assess the normality of each protein 

being analyzed with respect to each division of groups. As expected, many of the 

proteins failed the Shapiro-Wilk test, obtaining a p-value of p < 0.05, meaning the 

protein in question lacked a normal distribution. This information is important in 

the way of determining what types of statistical tests are appropriate for the 

dataset. Given the large mixture of normally and non-normally distributed 

proteins, we opted for a non-parametric series of statistical tests (Table 7.3 and 

7.4).115,116  

We first examined patients by their biological sex. The normality of each 

group was mixed and therefore a Mann-Whitney U (MWU) test was used to 

perform two-group comparison. The unadjusted or raw MWU results showed that 

11 proteins were identified as statistically significantly different between males 

and females whose BMAC sample originated from the iliac crest, 0 proteins for 

the humeral head samples, and 3 proteins with all samples included (humeral 

head + iliac crest). In total 11 unique proteins were characterized as statistically 

significant these proteins being: BMP-5, BMPR-IA, FGF-4, FGF-6, Matrilin-3, 

Thrombospondin-5, bIG-H3, CRP, CD109, Ephrin-A4, and IL-20.  

Notably, none of these proteins survived the Benjamini-Hochberg FDR 

corrections, all proteins having an adjusted p-value of p > 0.05. Contextually, 

FDR corrections are often used in -omics as a means of controlling falsely 

significant features (proteins, genes, biomarkers, etc). However, given the 

smaller sample size of our dataset it is important to take protein functions into 

account when determining the magnitude of their effect on a system. 
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Our results suggest that biological sex differences do manifest in the 

BMAC proteome albeit in a subset of proteins whose functions directly relate to 

bone and cartilage development in the way of BMPs, FGFs, and extracellular 

matrix proteins like Matrilin-3, Thrombospondin-5, and bIG-H3.154,178–181  

To analyze the smoking cohorts, we stratified patients by bone marrow source 

(iliac crest, humeral head, or both) in addition to their smoking statuses (current, 

former, or never smokers). The normality of each protein (Table 7.2) within the 

cohorts was assessed using the Shapiro-Wilk test. Following this, a Kruskal-

Wallis’ (KW) test was performed as the non-parametric equivalent to an ANVOA; 

this test enabled us to identify that there are differences between n > 2 groups of 

samples and produces an H-statistic which relates to how big those differences 

are. The KW test identified 51 proteins across 3 testing groups which had a raw 

p-value of p < 0.05. When Benjamini-Hochberg FDR corrections were applied to 

these results, only 29 of those proteins survived; All proteins which contained a 

significant FDR adjusted p-value where p < 0.05 belonged to the iliac crest 

smoking cohort (Table 7.4). Within these 29 proteins, we were able to use Dunn’s 

post hoc testing (with FDR corrections) to identify where the differences were 

between smokers, former smokers, and never smokers.  

Smoking status was found to profoundly influence the BMAC proteome, 

with 29 proteins in the iliac crest cohort showing FDR-corrected significant p-

values. Of the 29 proteins, 18 were differentially expressed between smokers 

and never smokers, with former smokers often exhibiting moderate profiles. 

Notably smoking patients from the iliac crest cohort demonstrated a pro-



109 
 

inflammatory skew, having elevated levels of catabolic mediators (e.g., IL-17, 

TNF-a, IL-1a) and reduced anti-inflammatory proteins (e.g., IL-1ra, IL-4). Osteo- 

and chondrogenic factors such as BMP-9, FGF-9, TGF-B1 showed lower levels 

in the smoking patients, suggesting impaired regeneration (Tables 4 and 5).  

It is important to note the interplay between augmented levels of proteins in the 

bone marrow. For example, IL-1ra being down-regulated in smoking patients 

while IL-1a is simultaneously up-regulated may contribute to the catabolic 

environment. Should a protein like TRANCE (RANKL) also be upregulated, this 

could promote greater levels of osteoclast activity, which may mirror smoking-

associated bone loss. Likewise, reduced expression of proteins like TGF-B1 and 

BMP-9 would align with studies which link cigarette smoke exposure (CSE) to 

impair osteogenesis.174 CSE has also been shown in mice to reduce chondrocyte 

viability, proliferation, and matrix formation in both a dose and time dependent 

manner.182  

Of particular interest is the site-specific effects which smoking appears to 

have; Based on our statistical analysis, the iliac crest cohort appears to have a 

greater degree of variance between patent smoking status’. We found the lack of 

differentiation between smoking status in the humeral head cohort surprising for 

a few reasons; Namely, there is link between a patient smoking and rotator cuff 

injury.183–186 Through a combination of fatty infiltration187,188  of the rotator cuff 

based combined with the plethora of fat-soluble compounds in cigarette 

smoke189, we had expected a larger observable difference between patient in the 

humeral head cohort than actually observed.  
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We acknowledge that with larger sample sets (especially in the humeral 

head cohort) the explanatory power of our current results could be greatly 

improved. Additionally, one of the largest limitations of this work is not having 

access to more details around the former smokers (in all cohorts), we do not 

have access to the duration of time patients stopped smoking, nor the volume at 

which they were smoking; Future studies should seek to stratify their patients 

using those metrics when possible because there is a very strong possibility that 

the differential protein expression between former-smokers and the other groups 

may have been far more pronounced. Additionally, while the modulation of 

proteins in isolation are apparent with respect to the bone marrow site and 

smoking status, the interactions between multiple modulated proteins would 

require in vitro validation for a true causal pathway.  
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Table 7.5. Tabulation of all proteins whose FDR-adjusted p-value (listed in Table 4) was p < 
0.05: All proteins listed contain their name, general function, and classification. 

Note that all proteins in this table are from the Iliac Crest Kruskal-Wallis testing group. Items 
preceded by * = Different between Smokers and Never Smokers only, ** = Different between 
Smokers and Never Smokers as well as Former Smokers and Smokers. Items with no prefix 

were different between both the Smokers and Never Smokers as well as Former Smokers and 
Never Smokers. 

Protein Function Classification Reference 

*IL-1ra Antagonist of IL-1, anti-inflammatory Anti-inflammatory 4,29 

*IL-4 Anti-inflammatory promotes Th2 responses 
Anti-inflammatory, 
Immunomodulatory 

149 

TIMP-2 
Inhibits MMPs, regulates extracellular matrix 

turnover 
Chondrogenic 177 

*FGF-9 Promotes chondrocyte proliferation Chondrogenic 177,179 

TGF-β1 
Anti-inflammatory, promotes chondrogenesis and 

fibrosis 
Chondrogenic, Anti-inflammatory 29,149,164,178 

IL-5 
Stimulates eosinophils, associated with allergic 

responses 
Immunomodulatory 149 

IL-7 Lymphocyte development and survival Immunomodulatory 149 

IL-2 T-cell growth factor, promotes immune activation Immunomodulatory 149 

*G-CSF 
Stimulates neutrophil production, 

immunomodulatory 
Immunomodulatory 149 

*BLC (CXCL13) 
B-cell chemokine, involved in lymphoid 

organization 
Immunomodulatory 149 

*Ephrin-A4 Cell signaling, angiogenesis, bone remodeling Osteogenic 149,162 

FSH Hormone with potential bone resorption effects Osteogenic 149 

BMP-9 Promotes osteoblast differentiation Osteogenic 178 

BMPR-II Receptor for BMPs, involved in osteogenesis Osteogenic 178 

*TRANCE (RANKL) Essential for osteoclast differentiation Osteogenic 149,162 

IL-11 
Promotes osteoblast differentiation, anti-

inflammatory in some contexts 
Osteogenic, Immunomodulatory 149 

M-CSF 
Stimulates osteoclast formation, regulates 

macrophage function 
Osteogenic, Immunomodulatory 149 

IL-17 
Pro-inflammatory cytokine, promotes bone 

resorption, Th17 responses 
Pro-inflammatory 149 

IL-12p70 Promotes Th1 responses, pro-inflammatory Pro-inflammatory 149 

*Eotaxin 
Chemokine for eosinophils, involved in allergic 

inflammation 
Pro-inflammatory 149 

IL-23 Promotes Th17 responses, pro-inflammatory Pro-inflammatory 149 

TNF-α Pro-inflammatory, promotes bone resorption Pro-inflammatory 4,149 

IL-1α Pro-inflammatory, promotes cartilage degradation Pro-inflammatory 4,149 

*TNF-β Pro-inflammatory, similar to TNF-α Pro-inflammatory 149 

**IL-18 Pro-inflammatory, promotes IFN-γ production Pro-inflammatory 149 

*MCP-1 Recruits monocytes, pro-inflammatory Pro-inflammatory 149,163 

IFN-γ 
Pro-inflammatory cytokine, promotes Th1 

responses, inhibits osteogenesis 
Pro-inflammatory, 

Immunomodulatory 
149,163 

GM-CSF 
Stimulates myeloid cell proliferation, pro-

inflammatory 
Pro-inflammatory, 

Immunomodulatory 
149,163 

IL-15 Stimulates NK and T cells, pro-inflammatory 
Pro-inflammatory, 

Immunomodulatory 
149 
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7.6 Conclusion:  

This study demonstrates that patient demographic factors, namely 

smoking, significantly altered the proteomic profile of BMAC. We observed the 

largest differences in the iliac crest cohort of patients, but BMAC samples 

originating from the iliac crest and humeral head were profiled. In the iliac crest 

cohort, anabolic growth factors including TGF-B1 and BMP-9 were 

downregulated and pro-inflammatory cytokines (IL-17, TNF-a) were upregulated; 

these findings ultimately suggest that smoking undermines the therapeutic 

properties of BMAC. Former smokers exhibited moderate proteomic profiles that 

show signs that cessation could restore some of the bone marrow proteome; 

More information about patient smoking habits and timelines would be required 

to draw impactful conclusions. Overall, our study’s findings point to the need for 

patient stratification by smoking status in clinical BMAC applications, pre-

treatment smoking cessation to optimize patient outcomes, and mechanistic 

studies to clarify the links between smoking status and BMAC’s proteomic 

changes.  
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Chapter 8 
 

Future Direction 
 

 

8.1 Concluding remarks for the future of this work 

The findings of this work highlight both the biological complexity and 

analytical potential inherent in the study of bone marrow aspirate concentrate 

(BMAC). While this project established a proteomic and computational framework 

capable of distinguishing site- and demographic-specific protein expression 

patterns, several key avenues remain open for further exploration. Future efforts 

should focus on three interconnected domains: data expansion, biological 

contextualization, and clinical translation. 

Data Expansion and Refinement: The most immediate and actionable 

step is to expand the patient dataset in both size and scope. A larger cohort 

would increase statistical power, ensure the reproducibility of site- and cohort-

specific findings. Additionally, this would enable the use of more sophisticated 

multivariate models such as ensemble learning or Bayesian hierarchical 

modeling, to better capture the continuous, non-linear effects of demographic 

variables on protein expression. Critically, expanding the scope of patient 

metadata is equally important. For instance, refining the smoking variable to 

include duration of use and time since cessation would allow for a more precise 

classification of "former" versus "current" smokers, moving beyond the binary or 
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limited categorizations that currently constrain analysis. Incorporating additional 

demographic dimensions, such as race and ethnicity, would further enhance the 

granularity of analyses like principal component analysis, enabling the 

identification of more nuanced, subgroup-specific proteomic signatures. 

Biological Contextualization: Beyond scaling the dataset, future work 

must seek to contextualize the identified proteomic signatures within functional 

biological pathways. Integration of systems biology tools, such as network 

enrichment analysis, pathway mapping, or multi-omics fusion with transcriptomic 

or metabolomic data—would allow for a more mechanistic understanding of how 

demographic and anatomical factors influence the therapeutic potential of BMAC. 

Parallel validation using targeted immunoassays or targeted mass spectrometry 

would provide an essential layer of biochemical verification for the biomarkers 

and trends revealed through machine learning. 

Clinical Translation: Finally, translating these computational insights into 

actionable clinical workflows remains a paramount objective. This entails the 

development of standardized data acquisition pipelines, robust normalization 

procedures, and accessible analytical tools. Such resources would empower 

clinicians and researchers to assess BMAC composition and predict therapeutic 

potential. By transforming BMAC from a descriptive biologic into a measurable, 

optimized therapeutic platform, future studies can directly advance the broader 

goal of personalized regenerative medicine through data-informed design. 
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